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Abstract

While autonomous driving has made substantial progress, accu-
rately predicting the trajectories of surrounding traffic agents re-
mains a fundamental challenge for ensuring safety. Integrating both
infrastructure-side and vehicle-side information has the potential to
enhance perception and prediction capabilities. However, existing
methods overlook the challenges in Vehicle-Infrastructure Cooper-
ative Trajectory Prediction. To bridge this gap, we propose ViTraj, a
model-agnostic framework for VIC-TP that leverages infrastructure-
side trajectories to mitigate the inherent limitations of vehicle-side
forecasting. ViTraj introduces a Feature-Side Selection and a Coop-
erative Interaction to aggregate complementary features from both
sides, effectively expanding the perceptual horizon of prediction
models. In addition, we present a Vehicle-Infrastructure Knowledge
Distillation strategy to enforce consistency between multi-side pre-
dictions, which efficient global-local feature alignment through a
single backward pass. Extensive experiments on large-scale public
datasets demonstrate that ViTraj consistently improves advanced
trajectory prediction models, achieving the state-of-the-art per-
formance compared to existing vehicle-infrastructure cooperative
methods. We believe this work provides a promising step toward the
practical deployment of V2X-based autonomous driving systems.
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1 Introduction

Trajectory prediction remains one of the most critical and challeng-
ing problems in autonomous driving [15, 18]. To safely navigate
complex traffic scenarios, autonomous vehicles must accurately
perceive their surroundings and forecast the future trajectories of
agents. The autonomous driving pipeline typically consists of three
key stages: (1) Perception, which involves detecting traffic partici-
pants and estimating their future states [27]; (2) Decision-making,
which plans the vehicle’s next actions [21]; and (3) Control, which
executes decisions based on control theory [24]. Trajectory predic-
tion lies at the core of this pipeline, aims to forecast future move-
ments of surrounding agents based on historical trajectories, sensor
signals, and spatial map information. Accurate trajectory prediction
is essential for robust path planning and decision-making, enabling
vehicles to avoid potential hazards. In recent years, deep learning-
based methods [26] have shown great promise and have been widely
adopted for trajectory prediction. Nevertheless, achieving consis-
tently reliable performance remains a significant challenge. This
raises two important questions: Why is trajectory prediction so
inherently difficult, and what are the limitations of existing meth-
ods? In this paper, we explore these issues from two perspectives:
vehicle-side trajectory prediction (VS-TP) and infrastructure-side
trajectory prediction (IS-TP).

(1) VS-TP has made notable progress in autonomous driving.
However, its performance remains limited in complex scenarios
due to the restricted perception range. As illustrated in Fig. 1(a),
autonomous vehicles rely on onboard sensors to perceive the envi-
ronment, capturing data such as high-definition vector maps and
agents motion states. With the advancement of graph neural net-
works (GNNs) and encoder-decoder architectures [22, 25], deep
learning models have gradually replaced traditional approaches
[36]. In particular, attention-based architectures have improved
interaction modeling among agents, significantly enhancing pre-
diction accuracy [28]. However, VS-TP methods are constrained by
vehicle’s limited field of view, which restricts scene representations
and interaction reasoning [20]. As shown in Fig. 1(a), occlusions
from large obstacles (e.g., trucks or buses) hinder the vehicle’s abil-
ity to perceive distant agents, making future trajectory prediction
unreliable or even infeasible. Since minor errors in prediction and
decision-making can result in critical failures, the limited percep-
tion scope remains a major bottleneck for the deployment of VS-TP
methods.

(2) Traffic agents exhibit both long-term and short-term inter-
actions, their complexity increase as scene dynamics evolve. Com-
pared to vehicle-side perception, infrastructure-mounted sensors
offer a broader field of view, enabling more effective modeling of
global interactions, as shown in Fig. 1(b). Existing IS-TP methods
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(a) vehicle-side trajectory prediction (VS-TP)

(b) infrastructure-side trajectory prediction (IS-TP)

Figure 1: Two widely studied trajectory prediction.

typically rely on fixed-position 2D cameras and employ deep neural
networks to extract motion states and predict future trajectories
[10]. However, due to the inherent limitations of 2D images and
low spatial accuracy, these methods struggle to meet the high-
precision requirements of autonomous driving. Recent research
has explored the potential of infrastructure-side data to enhance
perception. Some works define cooperative 3D object detection
and highlight the challenges of collaborative perception [44], while
others investigate feature-level transmission from infrastructure to
vehicles [45] or apply infrastructure-side data for vehicle control
[41]. Nonetheless, most existing efforts focus on perception tasks,
leaving effective solutions for VIC-TP largely unexplored.

This paper revisits the limitations of existing methods in vehicle-
infrastructure cooperative scenarios, discussing how infrastructure-
side information can mitigate performance bottlenecks caused
by the constrained vehicle-side perspective. To address this chal-
lenge, we propose ViTraj, a model-agnostic framework for vehicle-
infrastructure cooperative trajectory prediction (VIC-TP). ViTraj
introduces a cooperative interaction module to effectively fuse
vehicle-side and infrastructure-side information, thereby expand-
ing perception range. Furthermore, we enforce consistency across
predictions from vehicle-side, infrastructure-side, and cooperative
features, encouraging the model to learn robust representations
from a single side. The key contributions of this work are summa-
rized as follows:

e We investigate the practical yet challenging problem of vehicle-
infrastructure cooperative trajectory prediction and propose
ViTraj, a model-agnostic VIC-TP framework. By incorporat-
ing Feature Side Selection (FeSS) and a COoperative Inter-
action (COIN) module, ViTraj effectively fuses vehicle-side
and infrastructure-side information, significantly enhancing
the perception range.

e We propose Vehicle-Infrastructure Knowledge Distillation
(VIKD), which enforces consistency across multi-side predic-
tions by measuring singular value deviations among vehicle-
side, infrastructure-side, and cooperative features. This strat-
egy aims to effectively learn local representations from vehicle-
side data, global representations from infrastructure-side
data, and complementary cooperative features.

e ViTraj is evaluated on the real-world public dataset V2X-
Seq[46], demonstrating strong effectiveness and generaliz-
ability across a range of advanced prediction models.
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2 Related Works
2.1 Vehicle-Side Trajectory Prediction

Predicting the behavior of dynamic obstacles is essential for au-
tonomous driving systems. Traditional methods rely on manual
feature engineering and rule-based approaches. These methods
struggle to capture nonlinear behaviors and complex interactions
in dynamic traffic scenarios [19]. With the rise of deep learning,
Recurrent Neural Networks (RNNs) have facilitated the modeling
nonlinear dependencies of trajectories [30, 32]. Given the perva-
sive agent interactions in traffic scenarios, Graph Neural Networks
(GNNis) are increasingly used to capture spatiotemporal dependen-
cies, enhancing multi-agent prediction in dense environments [34].
Inspired by the success of Transformers and Mamba [16, 31, 50], re-
cent studies have incorporated space state models and self-attention
mechanisms to model spatiotemporal relationships and interactions
between agents and map elements [14, 52, 53]. Current models rely
on searching relevant traffic agents, some select the k-nearest neigh-
bors of the target agent [9, 13], while others consider agents within
a fixed distance in the adjacent lanes [8]. Static selections are not
applicable to all traffic scenarios. Moreover, as shown in Fig. 1(a),
limited perception range and occlusions prevent vehicle-mounted
sensors from capturing global scene information. Therefore, inte-
grating infrastructure-side data is crucial to expand perception and
enhance prediction accuracy.

2.2 Infrastructure-Side Trajectory Prediction

The rapid advancement of computer vision and the widespread
deployment of surveillance cameras have supported the develop-
ment of IS-TP methods [5, 48, 49]. The key distinction is that the
sensor placement of IS-TP is at elevated positions, offering a wider
perception for modeling global agent interactions, as shown in Fig.
1(b). Existing IS-TP methods primarily rely on 2D image inputs
[51]. Research in IS-TP has progressed from traditional methods
to deep learning. The introduction of RNN-based models, such as
Social-LSTM, marked a milestone by modeling social interactions
using LSTM units [42]. Additionally, numerous studies combines
motion information with infrastructure-side images [38]. GNNs
construct agent-interaction graphs and embed these into trajectory
prediction frameworks [43]. Despite advances in IS-TP, its fixed
sensing range and the low localization accuracy of 2D images con-
strain its application in autonomous driving. Although numerous
algorithms have been proposed over the past decade, methods lever-
aging vehicle-infrastructure cooperation remain scarce [2]. Recent
studies, such as V2X-Graph, attempt to explore this direction [33].
However, due to the diversity of vehicle-side and infrastructure-
side prediction paradigms, a generalized framework for cooperative
trajectory prediction is still lacking. This gap between trajectory
prediction research and real-world deployment highlights the need
for further exploration in this area.

2.3 Vehicle-Infrastructure Cooperative
Autonomous Driving

Recent progress in autonomous driving has been driven by large-
scale datasets such as nuScenes, Waymo, Argoverse, and KITTI [3, 4,
11, 35]. However, vehicle-mounted sensors are limited by visibility



ViTraj: Learning Dual-Side Representations for Vehicle-Infrastructure Cooperative Trajectory Prediction

and occlusions, resulting in reduced performance in long-range or
obstructed areas. A promising solution is vehicle-infrastructure co-
operative autonomous driving, which leverages infrastructure-side
data to enhance perception. Most existing work focuses on coop-
erative perception. DAIR-V2X introduces vehicle-infrastructure
cooperative object detection and analyzing the benefits of infras-
tructure data [44]. Some methods embed cross-side extraction tech-
niques and are plug-and-play to any models [6, 37, 47]. Subsequent
studies have explored feature encoding for data sharing, balanc-
ing detection performance and transmission latency [7], as well
as delay compensation modules and feature prediction to mitigate
latency-induced degradation [29, 45]. More recently, research has
extended to cooperative segmentation [12]. Existing studies on
vehicle-infrastructure cooperative autonomous driving overlook
motion prediction. The V2X-Seq dataset firstly supports VIC-TP and
has demonstrated the effectiveness of incorporating infrastructure-
side trajectory [46]. V2X-Graph represents the first dedicated ap-
proach for cooperative trajectory prediction, leveraging graph net-
works to model agent motion and interactions [33]. We further pro-
pose a model-agnostic cooperative framework ViTraj for extending
to integrate various vehicle-side trajectory prediction models.

3 Preliminary

Given the historical cooperative trajectory M = {Myen, Minf}-
Men denotes the local historical trajectory data perceived by
the vehicle-side, and M, s represents the global historical trajec-
tory data captured by the infrastructure-side. Notably, vehicle-
side and infrastructure-side trajectories often overlap, as a vehi-
cle’s motion can be simultaneously observed from both perspec-
tives. Thus, the total number of cooperative trajectories is given by
Nyic = Nyeh + Ninf — Nyehninf- Nvenh and Nj,¢ denote the number of
trajectories observed from the vehicle-side and infrastructure-side
perspectives, respectively. And Nyehninf represents the number of
overlapping trajectories. The cooperative trajectory set is defined
as M = {mg,my,...,mn} € RVNXTXC where each trajectory has
length T, and includes attributes C such as position, heading angle,
and agent type. In most prediction settings, the motion state of each
trajectory is given by m; = Pti, R;'}, where P; = {x,y} represents
the position of agent i at time ¢, and R; denotes its heading angle.
Trajectory prediction typically use a vectorized representation for
map elements, often leveraging lane centerline points to encode
spatial information. This work follow the setting of V2X-Graph [33]
and represent the set of map elements as G € RN X2XC1 where Nj is
the number of lanes and C; denotes lane attributes such as position
and road type. Finally, the VIC-TP task is defined as ¥ = p(M, G).
Here, Y = { Mtarget} denotes future cooperative trajectory data.
The prediction model is denoted as p. The objective is to exploit
key information from cooperative trajectories and model interac-
tions between vehicle-side and infrastructure-side trajectories to
enhance prediction.

4 Method

This section introduces ViTraj, a model-agnostic framework for VIC-
TP. As illustrated in Fig. 2, ViTraj can be seamlessly integrated with
various prediction models: (1) Feature Side Selection (FeSS): Identi-
fies and selects relevant cooperative trajectory data; (2) Cooperative
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Interaction (COIN): Fuses vehicle-side and infrastructure-side fea-
tures; (3) Vehicle-Infrastructure Knowledge Distillation (VIKD):
Enforces consistency across multi-side inputs to enhance model
robustness; (4) Trajectory Prediction Model: Utilizes an encoder-
decoder architecture for autonomous driving.

4.1 Feature Side Selection

Feature selection is an optional component in ViTraj. In practice,
pointwise multiplication between cooperative data and a vehicle-
infrastructure mask provides an intuitive feature selection approach
[46]:

M, = M - msk,, * = veh, inf (1)

where M € RNXTXC denotes the cooperative trajectory data, and
msk, € RNXT represents the mask for a specific side (vehicle-side or
infrastructure-side), which indexes the associated trajectory within
the cooperative data. Rather than applying rigid feature selection,
we introduce Feature Side Selection (FeSS) based on a gating mech-
anism to enable flexible vehicle-infrastructure feature selection.
FeSS captures the spatiotemporal correlations in cooperative tra-
jectories and generates differentiated inputs to support subsequent
feature fusion. The process begins with positional encoding of the
cooperative trajectory:

f;’ic =M+ Fembed(M) € RNXTXC (2

where fic = {fi, f2, ... [N} denotes the encoded trajectory features,
and fi € RTXC; F,ppeq represents the positional encoding function
that generates learnable embeddings based on the sequence M.
Positional encoding assigns unique identifiers to sequence positions,
allowing the model to capture temporal order. Feature side selection
is performed using a masked gating layer:

Gveh = MLPG (mskyeh), ginf = MLPG (mskinf) (3)

fveh = 0(Gven) - fvics finf = 0(Ginf) - fric (4)
where MLPg denotes a multilayer perceptron that generate gating
weights. The cooperative mask msk, is processed by MLPg to pro-
duce gating value g, which are then scaled to the range [0,1] using
a sigmoid function. Given the encoded cooperative feature fi;, the
vehicle-side and infrastructure-side trajectory features fo, and fi¢
are obtained by element-wise multiplication. This module extracts
side-specific features and captures the spatiotemporal correlations
within cooperative trajectories.

4.2 Cooperative Interaction

COoperative INteraction (COIN) learns the relationships between
vehicle-side and infrastructure-side trajectories, integrating them
into cooperative features. After position encoding and feature se-
lection, both vehicle-side and infrastructure-side data are input
into the encoder of the prediction model. To efficiently capture
the spatiotemporal knowledge of both sides, the encoders share
weights:

Hyeh = Enc(fren), Hinf = Enc(finf) 6
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Figure 2: (a) FeSS (b) Overview of the proposed ViTraj. (c) COIN based on vehicle outlook infrastructure(VOI).

where Enc denotes the encoder of any trajectory prediction
model. After serializing and modeling single-side features, the
encoded features are denoted as {Hyep, Hinr}. COIN consists of
a Vehicle Outlook Infrastructure for spatial relationship interac-
tion and a multilayer perceptron for capturing temporal dependen-
cies. Given the vehicle-side representation Hye}, € RNvenXTXC gpnd
infrastructure-side representation Hy,¢ € RNntXTXC the COIN can
be expressed as:

Zyic = VOI(LN(Hveh)s LN(Hinf)) (6)

Hyic = MLPy;¢ (LN(Zvic) + Zyic (7)

where LN denotes layer normalization. VOI refers to Vehicle Out-
look Infrastructure, and MLPy;. represents the multilayer percep-
tron.

Vehicle Outlook Infrastructure: Unlike traditional trajectory
prediction models, VIC-TP requires integrating dual-side features
to enhance its perception range. V2VNet [40] and FFNet [45] are
two advanced vehicle-infrastructure cooperative methods, which
are extensively compared with ViTraj in the experimental section.
V2VNet introduces a cross-agent aggregation module using convo-
lutional neural networks and updates agent states via ConvGRU.
FFNet adopt a unified features flow mechanism to align cross-side

features efficiently. However, large-scale infrastructure-side tra-
jectory data often contain redundant or irrelevant agents, which
may not benefit prediction and can incur high computational costs.
Existing methods aggregate all infrastructure-side information, lim-
iting their effectiveness for VIC-TP. To address this, we propose the
Vehicle Outlook Infrastructure (VOI), a selective aggregation that
focuses on key infrastructure-side features, as shown in the right
part of Fig. 2. The key idea is: (1) Each vehicle-side agent can gen-
erate a query weight for locally aggregating features from nearby
agents. (2) Dense and localized aggregation reduces redundancy
and extract fine-grained spatial cues for VIC-TP.

For each agent feature in Hye},, VOI computes its correlation with
the K nearest neighbors. Formally, given an agent feature h' W€

Ve

RNt XTXC both are projected through layer normalization and
linear layers ineh € ROK and Wl;f € R€ to to obtain the outlook

weight . € RKXTXC and H e RNmtXTXC regpectively. Let
veh inf

H, oy € REXTXC denotes the K nearest features to this agent:

argmin Z dis(xy(h), xy (R, ) (8)
H’ CH(nf,‘ngear‘:K hEHr/.ear

near =

Hpear =

where dis denotes the Euclidean distance, and xy refers to the coor-
dinates associated with trajectory features. The infrastructure-side
weights are applied directly to outlook weights, and the cooperative
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Figure 3: Statistical analysis of trajectory datasets

representation is obtained through the Softmax operation followed
by a dot product:

H ;. = Matmul(Softmax(H,; ), Hnear) 9)

VOI performs dense aggregation of cooperative representations.
The final output is computed by a weighted sum of the cooperative
features associated with each vehicle-side feature:

K-1
Zvie = ) Hy (i) e RTXC (10)
t=0

Zyic = {2vic} is obtained by VOI, and finally, a multilayer percep-
tron is used to obtain the vehicle-road collaborative features Hy;c ,
as shown in Equation 7.

4.3 Vehicle-Infrastructure Knowledge
Distillation

As shown in Fig. 3(a), statistical analysis of the WOMD, Argoverse,
and nuScenes datasets [3, 4, 35] reveals that vehicle trajectories are
predominantly linear. Additionally, Fig. 3(b) shows that over half of
the vehicle instances maintain speeds below 20 km/h, further high-
lighting the sparsity of dynamic behavior in real-world trajectories
[39]. These observations indicate the many linear trajectory features
are redundant, and models should instead focus on learning features
from non-linear movements. However, identifying such informa-
tive features remains challenging. Simply computing similarities
among all features is expensive and may introduce redundancy to
overfitting. Additionally, existing methods are typically designed
for either vehicle-side or infrastructure-side data, they struggle
to disentangle vehicle-side and infrastructure-side representations
within fused features and extract representations beneficial to target
agents. To address these limitations, this paper proposes a concise
Vehicle-Infrastructure Knowledge Self-Distillation strategy (VIKD),
as depicted in Fig. 4. The proposed VIKD incorporates two com-
plementary loss components: SVD contrastive loss L¢on and logit
distillation loss Lpre.

4.3.1 Singular Value Contrastive Distillation. L.on aims to encour-
age the model learn critical spatiotemporal knowledge from ei-
ther vehicle-side or infrastructure-side data independently, thereby
mitigating feature coupling. Specifically, we apply singular value
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Figure 4: Vehicle-Infrastructure Knowledge Distillation

decomposition to decompose the trajectory features into three se-
quential matrices and compute similarity only on singular values.
Formally, given vehicle-infrastructure feature H, € REXNXD (4 =
veh, inf, vic), where B is the batch size, N is the number of trajecto-
ries, and D is the feature dimension. We preserve the top-R singular
values with R = min(N, D) to identify key trajectory features. The
decomposition is represented as:

H, =U,S, V], U, e RFFN*R g, e REXRXR 'y g REXRXD (q7)

The matrices U, and V, represent two new trajectory features,
while S, is a diagonal matrix containing singular values. The trajec-
tory feature f is decomposed into three sub-features: (1) projection
into a rank-R subspace; (2) identification of key features via com-
parison of singular values; (3) reconstruction of the self-distilled
feature back to the original space f. Based on this decomposition,
we define the contrastive loss over the singular value matrix S as
follows:

diag(Syic) x [diag(S.)]"
|diag(Svic) || [diag(S.)]|
where diag() denotes extracting the diagonal elements, where =veh,

inf. The complete singular value contrastive loss Lcon is formulated
as:

Ly (Se) = ,# € {veh,inf}  (12)

Leon = std(sveh) + std(sinf) (13)

4.3.2  Logit Distillation. While Singular Value Contrastive Distil-
lation facilitates the learning of nonlinear key features from high-
dimensional, sparse, dual-side representations, it lacks the ability
to capture global dependencies in dual-side trajectories. To address
this, we introduce a trajectory-level logit distillation loss Lpre,
which enforces prediction consistency between vehicle-side and
infrastructure-side outputs. Lpre compels the model to generate
identical trajectory predictions from either single-side input. The
proposed logit distillation loss is defined as follows:

Lpre = ) La(p([Myehs Ming], G), p(Ms, G)), » € {inf, veh}
(14)
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Table 1: Quantitative Comparison

.. . K=1 K=3 K=6
Prediction Model Cooperative Method [ADE [FDE [MR [ADE [FDE [MR [ADE JFDE | MR
w/o fusion 3.08 6.32 0.79 1.93 4.02 0.61 1.44 2.52 0.36
PP-VIC [46] 2.47 5.90 0.77 1.77 3.86 0.58 1.26 2.34 0.35
HiVT [53] V2VNet [40] 2.55 5.98 0.77 1.82 3.92 0.60 1.27 2.30 0.35
FFNet [45] 2.44 5.63 0.76 1.76 3.77 0.55 1.30 2.25 0.34
ViTraj (Ours) 2.20 519 0.73 1.59 3.37 0.52 1.15 2.06 0.31
w/o fusion 2.92 6.05 0.76 1.75 3.70 0.56 1.49 2.61 0.37
PP-VIC [46] 2.42 5.80 0.75 1.62 3.48 0.52 1.29 2.40 0.35
ADAPT [1] V2VNet [40] 2.78 6.08 0.78 1.80 3.66 0.56 1.54 2.69 0.38
FFNet [45] 2.57 5.92 0.74 1.69 3.66 0.53 1.43 2.46 0.35
ViTraj (Ours) 2.17 5.15 0.70 1.49 3.10 0.47 1.17 2.09 0.30
w/o fusion 3.03 6.22 0.78 1.91 3.97 0.57 1.52 2.68 0.38
PP-VIC [46] 2.46 5.87 0.76 1.77 3.85 0.54 1.31 2.43 0.36
LAFormer [23] V2VNet [40] 291 612 078 187 381 057 145 266 0.38
FFNet [45] 2.60 6.29 0.77 1.71 3.62 0.55 1.32 2.50 0.36
ViTraj (Ours) 2.28 5.38 0.75 1.52 3.14 049 1.19 211 0.31

w/o fusion

PP-VIC

ViTraj (Ours)

Figure 5: Qualitative results on the V2X-Seq dataset. Histor-
ical trajectories are shown as red solid lines, ground-truth
future trajectories are depicted with red dashed lines, and
predicted trajectories are illustrated using yellow dashed
lines.

where p denotes the prediction model, M represents trajectories,
G denotes the set of map elements. £ is the mean squared error
(MSE) function.

4.3.3 Joint Loss. Following prior work [53], we minimize the neg-
ative log-likelihood (NLL) between predicted and ground-truth
trajectories of the target vehicle as the regression loss, formally
defined as:

Lirgj = ) Lreg(y M) (15)

where Lyez employs the probability density function of a Laplace
distribution as the regression loss to jointly optimize the position

and confidence of the optimal trajectory. The final loss function
integrates trajectory regression loss Ly, logit distillation loss
Lpre, and singular value contrastive loss Lcon, with equal weights
assigned to each component:

L = Liraj + Lpre + Leon (16)

4.4 Trajectory Prediction Networks

Existing trajectory prediction networks typically utilize an encoder-
decoder architecture. The encoder, responsible for serving as the
backbone to extract trajectory features, commonly use networks
such as recurrent neural networks (RNNs), graph neural networks
(GNNgs), or Transformers. The decoder usually consists of a multi-
layer perceptron (MLP) cascading several fully connected layers to
generate predictions.

Since ViTraj is a model-agnostic VIC-TP framework, the pro-
posed feature side selection, cooperative interaction, and vehicle-
infrastructure knowledge distillation are all independent of model
architectures. Consequently, the proposed framework can be seam-
lessly integrated with various state-of-the-art trajectory prediction
networks, enhancing prediction performance in cooperative vehicle-
infrastructure scenarios. In this study, we evaluate ViTraj using
three advanced methods, HiVT [53], ADAPT [1], and LAformer
[23]. These models represent recent advancements in trajectory
forecasting, and integrating ViTraj enhances their performance in
vehicle-infrastructure cooperative settings.

5 Experiments

In this section, we conduct extensive experiments to evaluate the
effectiveness of the proposed ViTraj. The experiment are designed
to answer the following research questions:

RQ1: How does ViTraj compare with existing V2X trajectory predic-
tion baselines? Can the proposed method improve the performance
in cooperative driving scenarios?

RQ2: What are the contributions of individual components within
ViTraj to the overall prediction accuracy?
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3,00 HiVT 300 ADAPT 300 LAFormer
Table 2: Ablation study on VIKD 275 275 275
2.50 2.50 2.50
Model Liraj Lpre  Lsvg | minADE  minFDE LS 225 225 225
v 1.26 2.34 < 200 2.00 2,00
HiVT [53] ; v . 118 2.29 E s 175 175
1.22 2.18 1.50 1.50 1.50
v v v 1.15 2.06
1.25 1.25 1.25
v 1.31 243
LAF (23] v v/ 1.23 236 LOOTE0/GES EWP wio Gate FesS 00 wioFS EWP wioGate FesS 0" wioFS EWP wioGate FeSS
ormer [23
; y ; 1.28 224 (mm k-1 = K-3 =9 K-6)
1.19 2.11

RQ3: Does the Cooperative Interaction effectively capture the cor-
relation between vehicle-side and infrastructure-side trajectories?

5.1 Settings

Datasets & Baselines: We evaluate ViTraj on V2X-Seq [46], the
first large-scale dataset for vehicle-infrastructure cooperative tra-
jectory prediction. This dataset contains over 210,000 real-world
driving scenarios, including 51,146 V2X-cooperative scenes col-
lected from 28 different regions, spanning 672 hours of driving data.
Each scenario lasts for 10 seconds at a frame rate of 10 Hz. Given
the first 5 seconds of historical trajectories from both vehicle and
infrastructure sides, the task is to predict the target agent’s motion
over the next 5 seconds. Following prior work, we split the dataset
into 50% for training, 20% for validation, and 30% for testing to
ensure fair and comprehensive evaluation.

We evaluated the proposed VIC-TP framework against three

state-of-the-art trajectory prediction networks (HiVT[53], ADAPT[1],
and LAFormer[23]) and three representative cooperation methods
(w/o fusion, PP-VIC[46], V2VNet[40], and FFNet[45]).
Metrics & Implementation Details: The proposed VIC-TP frame-
work is evaluated using several widely adopted metrics, including
minimum Average Displacement Error (minADE), minimum Final
Displacement Error (minFDE), and Miss Rate (MR). Specifically,
minADE measures the average displacement error between the
best predicted trajectory and the ground truth across all future time
steps, while minFDE measures the displacement error at the final
prediction time step. MR is defined as the proportion of predicted
trajectories whose endpoints deviate from the ground-truth end-
point by more than 2.0 meters. These metrics allow the model to
output up to K predicted trajectories per agent. Following prior
work, we evaluate performance with K = 1, 3, and 6 to provide a
comprehensive assessment.

The proposed model is trained for 64 epochs using the Adam
optimizer [17]. Following prior work [53], the batch size, learning
rate, weight decay, and dropout rate are set to 32, 3e-4, le-4, and 0.1,
respectively. The learning rate is scheduled using cosine annealing.
All prediction models and experiments are implemented in PyTorch
and run on a Linux server equipped with NVIDIA RTX A6000 GPUs.

Figure 6: Ablation study on FeSS

5.2 RQ1: Performance Comparison

Quantitative Results. The proposed ViTraj is trained and evalu-
ated on the V2X-Seq dataset [46]. Tab. 1 presents a comprehensive
comparison of ViTraj with various fusion baselines across three
trajectory prediction networks. As observed, all models yield un-
satisfactory performance when no cooperative information is used
(w/o fusion). This highlights that in complex traffic scenarios, single
vehicle-side inputs are insufficient for accurate future trajectory
prediction. While PP-VIC, as a straightforward fusion strategy, does
offer marginal improvements over w/o fusion, the gains remain
limited—suggesting that naive fusion fails to fully exploit environ-
mental cues. V2VNet [40] and FFNet [45] represent classical and
advanced V2X approaches, respectively. Although both attempt to
utilize surrounding information through more sophisticated mech-
anisms, their performance is not consistently better than that of
PP-VIC. Notably, in the single-trajectory prediction setting (K=1),
PP-VIC even slightly outperforms them. This indicates that VIC-TP
requires more than general cooperative perception methods—it
demands an explicit modeling of the spatiotemporal correlations
among agents. In contrast, ViTraj improves the performance of
all baseline models, which achieves the best results in terms of
minADE, minFDE, and MR across all values of K (1, 3, and 6). In
summary, ViTraj consistently enhances a wide range of trajectory
prediction models. These results demonstrate its strong generaliza-
tion ability and practical applicability for autonomous driving and
intelligent transportation systems.

Qualitative Results. To comprehensively evaluate the perfor-
mance of the proposed method across diverse traffic scenarios,
we provide a visual comparison of different fusion strategies on the
V2X-Seq dataset in Fig. 5. For clarity and consistency, we employ
HiVT [53] as the base trajectory prediction model, set the number of
predicted trajectories to K=3, and compare ViTraj against both the
w/o fusion and PP-VIC. In each test scene, we visualize predictions
for two agents to facilitate intuitive analysis of differences between
methods. In scenarios (a) and (c), incorporating infrastructure-side
trajectory information effectively mitigates occlusion issues. Specif-
ically, cooperative methods (PP-VIC and ViTraj) exhibit enhanced
perception coverage, enabling them to anticipate lane-change ma-
neuvers based on broader contextual cues. In scenes (b) and (d), the
cooperative integration of both global and local perception enables
accurate prediction of abrupt directional changes. Compared to
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Table 3: Quantitative Comparison

Model VIKgoolﬂ’jsrgtloé‘OIN Param.(M) FLOPs(G) FPS
0.6 180 234

v 0.66 180 234

HVT[53] « 0.68 182 227
v v 0.70 184 219
oo/ 0.72 186 21.4

PP-VIC, ViTraj captures finer-grained correlations between the tar-
get agent and its neighboring agents, allowing it to produce more
accurate and contextually reasonable predictions, particularly in
complex traffic scenarios involving multiple interacting agents.

5.3 RQ2: Ablation Study

Effectiveness of Vehicle-Infrastructure Knowledge Distilla-
tion (VIKD). To validate the proposed VIKD, we compare the
contributions of singular value contrastive distillation (Lg,q) and
logit distillation (Lpre). Tab. 2 presents the performance of several
VIKD variants: (1) Introducing L4 significantly reduces the pre-
diction error at the trajectory endpoint. This proves the effect of
aligning the singular value distributions, guiding the model to focus
on salient features, such as sharp speed changes and turning points;
(2) Combining Lpe further enhances the overall prediction accu-
racy. This observation indicates that logit distillation captures the
global semantics and suppresses outlier predictions via backward.

Effectiveness of Feature-Side Selection (FeSS). To evaluate
the proposed FeSS module, we construct three ablation variants: (1)
w/o FS: removing FeSS entirely; (2) EWP: replacing the selection
mechanism with element-wise product; (3) w/o Gate: removing the
gating mechanism and applying a static vehicle-infrastructure mask.
Fig. 6 presents minADE comparisons under: HiVT [53], ADAPT [1],
and LAFormer [23]. Across all models and and predicted trajectories
(K = 1/3/6), w/o FS performs the worst, confirming that noise and
redundancy in raw features severely degrade prediction accuracy.
Replacing EWP with FeSS further boosts the performance, indicat-
ing that side selection adapts to the varying feature correlations
across complex scenes. Moreover, removing the learnable gating
mechanism means the non-application of soft feature filtering. This
absence limits the ability to decouple and select key features in
VIC-TP.

Parameter Size and Inference Cost Comparison. We con-
duct inference experiments on a single NVIDIA RTX 3090 GPU and
compare the computational costs. As a model-agnostic framework,
ViTraj can be seamlessly integrated with various encoder-decoder-
based trajectory prediction networks. VIKD is exclusively applied
during the training phase, thus introducing zero additional infer-
ence overhead. For FeSS and COIN, we have quantified their compu-
tational requirements and parameter size, and compared them with
the representative baseline HiVT [53] The results are summarized
in the tab. 3. We observe that while ViTraj’s implementation leads
to a modest increase in model parameters (approximately 10%) and
a slight reduction in inference speed (around 4 ms/sample), the
overall inference latency remains well within practical limits for
real-time applications.

Shengzhe You, Libo Weng, and Fei Gao

'E!'

(a) Proximity matrix (b) Baselme (c) FFNet (d) V|TraJ (Ours)

Figure 7: Visualization Comparison of the COIN. The baseline
represent a variant of ViTraj by removing COIN

5.4 RQ3: Visualization of COIN

Fig. 7 shows comparisons for agent association capability. Fig. 7(a)
shows the agent proximity matrix, while Fig. 7(b) to (d) depict
the self-similarity matrices of agent vectors for Baseline, FFNet,
and ViTraj, respectively. ViTraj exhibits a more consistent self-
similarity matrix with the spatial topology of the proximity matrix.
This indicates that COIN can accurately identify strongly correlated
local regions, avoiding indiscriminate aggregation. Moreover, self-
similarity distribution of ViTraj is concentrated in local banded
regions, suggesting that features generated by COIN focus on high-
value spatial areas. In contrast, FFNet performs global aggregation
across agents, resulting in a dispersed similarity matrix with high
redundancy among features. This demonstrates that COIN achieves
dense local spatial aggregation, effectively filtering out irrelevant
or weakly related agent features and preserving only fine-grained
critical information. The comparison of spatial patterns, intensity
distributions, and redundancy levels validates the core design of
COIN, vehicle-centric dynamic selection of infrastructure features,
and reveals the underlying reason for its superior performance over
traditional methods.

6 Conclusion

This paper proposes ViTraj, a model-agnostic framework to ad-
dress key challenges in VIC-TP, such as limited perception range
and redundant multi-agent features. First, to generate disentan-
gled representations for dual-side trajectories, ViTraj introduces
a Feature-end Selection based on a gating mechanism, enabling
flexible selection between local vehicle-side features and global
infrastructure-side features. Second, the Vehicle Outlook Interac-
tion utilizes vehicle-side agent features as query vectors to effi-
ciently aggregate critical information from neighboring agents,
thereby overcoming perception blind spots inherent to vehicle-only
viewpoints. Lastly, a Vehicle-Infrastructure Knowledge Distillation
enforces trajectory consistency via singular value contrastive dis-
tillation and captures essential nonlinear patterns. Experimental
results demonstrate that ViTraj achieves state-of-the-art perfor-
mance on the V2X-Seq benchmark and is compatible with various
prediction models.
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