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Abstract

Accurate vehicle trajectory prediction at signalized inter-
sections is crucial for autonomous driving and traffic man-
agement systems, yet remains challenging due to com-
plex multi-modal interactions between vehicles, pedestri-
ans, and infrastructure elements. Existing approaches in-
adequately integrate the diverse factors influencing inter-
section dynamics, including vehicle characteristics, envi-
ronmental context, and human-vehicle interactions. We
present Enhanced Knowledge-Informed Generative Adver-
sarial Network (EKI-GAN), a comprehensive framework
that addresses these limitations through enhanced multi-
modal encoding and advanced attention mechanisms. Our
approach introduces a dual-stream architecture with six
specialized encoders that comprehensively capture vehicle
factors and environmental information for robust trajectory
prediction. The framework employs Multi-Dimensional At-
tention Pooling Network (MAP-Net), which extends con-
ventional attention through multi-dimensional feature ex-
traction, stabilized computation, and adaptive gating to
model complex vehicular interactions. Extensive experi-
ments on the SinD dataset demonstrate state-of-the-art per-
formance, achieving ADE of 0.09 and FDE of 0.19 for 9-
second predictions, with particularly notable improvements
in extended temporal prediction scenarios. Code is avail-
able at GitHub.

1. Introduction
Signalized intersections represent critical nodes in urban
transportation networks, where the complexity of traffic dy-
namics reaches its peak due to the convergence of multi-
ple transportation modes and regulatory systems. These
intersections serve as focal points where vehicles, pedes-
trians, cyclists, and other road users interact within a con-
strained spatial environment governed by traffic control sig-
nals [33]. As illustrated in Figure 1, vehicle trajectory
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Figure 1. Multi-Modal Factors Influencing Vehicle Trajectory Pre-
diction at Signalized Intersections: Vehicle Factors (trajectory pat-
terns, physical attributes, motion dynamics) and Environmental In-
formation (map topology, traffic signals, pedestrian dynamics) that
collectively determine vehicular movement decisions in complex
intersection scenarios.

prediction at signalized intersections is fundamentally in-
fluenced by two categories: Vehicle Factors (spatial tra-
jectory patterns, vehicle dimensions, velocity profiles) that
drive complex social dynamics through proximity-based in-
fluences, and Environmental Information (map topology,
traffic signal states, pedestrian positions) that provides crit-
ical contextual constraints. The comprehensive integration
of both vehicle-centric interaction dynamics and environ-
mental contextual information represents a significant gap
in current trajectory prediction methodologies.

Traditional trajectory prediction models struggle with
the inherent complexity of multi-modal traffic environ-
ments, where different road users exhibit distinct behavioral
patterns and interaction mechanisms [19]. Critical limi-
tations include insufficient consideration of pedestrian dy-
namics [29], inadequate utilization of spatial context infor-
mation in road network topology [17], and limited model-
ing of traffic signal influences in complex intersection envi-
ronments [25]. While the recently introduced Knowledge-
Informed Generative Adversarial Network (KI-GAN) [26]
demonstrated advances by integrating vehicle characteris-
tics and traffic signal information through VAP-Net, signif-
icant gaps remain in pedestrian interaction modeling, map
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topology utilization, and spatial context exploitation.
To address these challenges, we present Enhanced

Knowledge-Informed Generative Adversarial Network
(EKI-GAN), an advanced framework that enhances the en-
coder architecture to explicitly model vehicle-pedestrian in-
teractions [9], integrates comprehensive map topology in-
formation to improve spatial awareness [21], and develops
Multi-Dimensional Attention Pooling Network (MAP-Net)
that synergistically combines pedestrian dynamics, vehicle
interactions, and map-based spatial relationships for more
accurate trajectory predictions [20].

The primary contributions of this work include:

• Enhanced Multi-Modal Encoder Architecture: We in-
troduce a dual-stream framework that systematically in-
tegrates vehicle factors (trajectory patterns, physical at-
tributes, motion dynamics) and environmental informa-
tion (map topology, traffic signals, pedestrian dynam-
ics) through dedicated encoders and hierarchical attention
mechanisms.

• Multi-Dimensional Attention Pooling Network (MAP-
Net): We develop an advanced pooling mechanism with
multi-dimensional feature extraction, stabilized attention
computation, and adaptive context-aware gating for so-
phisticated vehicle interaction modeling.

• State-of-the-Art Performance: We achieve 10% im-
provement in ADE and 9.5% improvement in FDE com-
pared to previous methods on the SinD dataset, establish-
ing new benchmarks for intersection trajectory forecast-
ing.

2. Related Work

2.1. Vehicle Trajectory Prediction at Intersections
Trajectory prediction at intersections plays a vital role in
ensuring safety and efficiency in intelligent transportation
systems. Early work by Kawasaki and Tasaki [12] used
LSTM models to forecast turning trajectories based on ve-
hicle speed and intersection geometry. Tan et al. [22] ad-
dressed risky behavior prediction at high-speed intersec-
tions using a hybrid approach combining adaptive Kalman
filters and k-nearest neighbor models, achieving over 95%
accuracy in detecting aggressive passes and red-light viola-
tions.

To incorporate driver intent and proactive safety mech-
anisms, Chen et al. [6] proposed a cooperative scheme in
the Internet of Vehicles framework, using a BP neural net-
work for intention recognition and a Kalman filter for trajec-
tory prediction, followed by a collision probability model.
Huang et al. [11] introduced a variational neural network
that outputs trajectory distributions with confidence scores,
enabling uncertainty-aware prediction and integration with
physics-based models. Gao et al. [7] combined dynamic
Bayesian networks and LSTM to predict cyclists’ intentions

and future motion at unsignalized intersections.
While recent models incorporate specific signals, inten-

tions, or uncertainty, most are limited to narrow contexts
or simplified settings. For example, Zhang et al. [33] and
Oh et al. [18] explore traffic light influence, but often ig-
nore broader scene context and multi-modal fusion. Wang
et al. [24] used trajectory-based reinforcement learning to
suppress speed oscillations in mixed traffic. In contrast, our
EKI-GAN integrates signal status, vehicle dynamics, and
map context into a unified framework, enhancing prediction
accuracy in complex intersection scenarios.

2.2. Multi-Agent Interaction Modeling for Vehicle
Forecasting

Accurately modeling vehicle-to-vehicle interactions is es-
sential for reliable trajectory forecasting in complex traf-
fic scenes. Early studies such as Social LSTM [1] and
Social GAN [10] introduced pooling mechanisms to ag-
gregate spatial features from nearby agents, enabling so-
cially informed prediction. While effective in pedestrian-
dense environments, these methods are less suited for struc-
tured vehicular traffic at intersections. More recent mod-
els such as Trajectron++ [21] and TPCN [30] apply graph
neural networks and temporal message passing to capture
dynamic inter-agent dependencies. Despite their improve-
ments, these models often treat all agents uniformly, over-
looking differences in maneuvering potential, heading di-
rection, or traffic rules—factors especially important in in-
tersection scenarios.

To better address vehicular dynamics, VAP-Net [26] has
been proposed as an interaction pooling mechanism tailored
for intersection environments. VAP-Net integrates relative
position and velocity features between agents and applies an
attention mechanism to dynamically modulate inter-agent
influence. Specifically, it embeds each agent’s relative lo-
cation and speed, computes pairwise attention scores based
on their motion relevance, and performs pooling to gener-
ate socially attentive interaction features. This allows the
model to emphasize fast-moving or high-risk vehicles and
account for diverse directional movements, which is critical
in intersection scenarios with merging or crossing paths.

Nonetheless, existing interaction modules including
VAP-Net remain limited in contextual expressiveness. Most
fail to incorporate high-level semantics such as road ge-
ometry, traffic priority, or control states into their inter-
action encoding. Motivated by this gap, we propose the
Multi-Dimensional Attention Pooling Network (MAP-Net),
which extends prior attention-based pooling by injecting
context-aware features into interaction modeling. By inte-
grating map-aligned priors and vehicle-specific behavioral
cues, MAP-Net enables nuanced representation of multi-
agent dynamics under complex intersection constraints.



2.3. Context-Aware and multi-modal Forecasting

Recent advancements in trajectory forecasting increasingly
leverage multi-modal context to enhance prediction accu-
racy beyond historical positional data alone. For instance,
Gao et al. introduced VectorNet [8], a hierarchical graph
neural network that encodes map and agent trajectories into
vectorized representations for improved scene understand-
ing and trajectory prediction. Similarly, Liang et al. pro-
posed LaneGCN [15], employing lane-graph convolutional
networks to capture detailed lane topologies and interac-
tions among vehicles within structured road environments,
significantly enhancing multi-modal forecasting accuracy in
urban driving scenarios.

Other studies incorporate environmental semantics and
intent prediction explicitly to enrich trajectory forecasting.
Mangalam et al. proposed Y-Net [16], a model that inte-
grates HD maps, agent historical motions, and intermedi-
ate intent predictions into a single goal-conditioned frame-
work, allowing for more diverse and realistic multi-modal
trajectory predictions. Moreover, Zhao et al. introduced
TNT [34], a hierarchical method combining target-driven
intent classification with a conditional trajectory predictor,
effectively narrowing down feasible trajectory modes based
on environmental context and goal likelihoods.

Despite these promising approaches, current multi-
modal forecasting models often integrate context features
through fixed fusion strategies or early-stage concatena-
tion, limiting their adaptability to dynamic scene changes.
Wei et al. recently introduced KI-GAN [26], which uti-
lizes knowledge-informed generative adversarial networks
to integrate traffic signal status and multi-vehicle interac-
tions at signalized intersections, achieving notable accuracy
improvements in complex scenarios. Motivated by these
advances and existing limitations, our proposed EKI-GAN
further extends KI-GAN by employing a modular encoder
design and the Multi-dimensional Attention Pooling Net-
work (MAP-Net), facilitating adaptive fusion of richer con-
textual information, vehicle dynamics, and map semantics
for robust and accurate intersection trajectory forecasting.

3. Methodology

The Enhanced Knowledge-Informed Generative Adversar-
ial Network (EKI-GAN) framework leverages adversarial
training to generate multiple plausible future trajectories
through sophisticated modeling of multi-modal contextual
information at signalized intersections. The framework in-
tegrates six specialized encoders in a dual-stream architec-
ture distinguishing vehicle-centric information requiring so-
cial interaction modeling from environmental factors pro-
viding contextual constraints. Beyond the framework ar-
chitecture, we present three key innovations: Map Encod-
ing (Section 3.2) that incorporates road infrastructure topol-

ogy, Pedestrian-Aware Encoding (Section 3.3) that models
human-vehicle interactions, and Multi-Dimensional Atten-
tion Pooling Net (Section 3.4) that captures complex vehic-
ular interaction patterns. The encoding methods for Tra-
jectory, Motion, Physical Attributes, and Traffic Light are
adapted from KI-GAN framework[26].

3.1. Framework of EKI-GAN

The Enhanced Knowledge-Informed Generative Adversar-
ial Network (EKI-GAN) framework is designed to accu-
rately predict vehicular traffic patterns in complex inter-
section environments through sophisticated modeling of
multi-modal contextual information. Figure 2 illustrates our
model’s architecture, where the trajectory of a single agent
(highlighted in red) is comprehensively processed through
multiple specialized encoders to form an enriched feature
representation that captures the full spectrum of factors in-
fluencing vehicle behavior at signalized intersections.

Our framework categorizes input into two processing
streams capturing vehicle movement dynamics and envi-
ronmental context. This reflects the distinction between in-
trinsic vehicle characteristics participating in social inter-
actions and extrinsic environmental factors providing con-
textual constraints. The dual-stream architecture enables
realistic trajectory predictions through structured synthesis
of social vehicular interactions and comprehensive environ-
mental context.

Vehicle Information Encoders: The first category fo-
cuses on vehicle-centric information that directly partici-
pates in inter-vehicle social interactions. This includes three
specialized encoders: the Trajectory Encoder processes spa-
tial coordinates to capture movement patterns; the Motion
Encoder handles dynamic vehicle states including velocity
and acceleration; and the Physical Attributes Encoder en-
codes vehicle-specific characteristics such as type and di-
mensions. These three encoders form the core of vehicu-
lar representation, and their concatenated output undergoes
social interaction modeling through our Multi-dimensional
Attention Pooling Net (MAP-Net) to capture complex inter-
vehicle dynamics.

Environmental Information Encoders: The second
category encompasses contextual environmental factors that
influence vehicle behavior but do not directly participate in
the vehicle-to-vehicle interaction modeling. This includes
the Traffic Encoder that processes traffic light states and
regulatory information; the Map Encoder that incorporates
road infrastructure topology from OpenStreetMap(OSM)
data; and the Pedestrian Encoder that models surrounding
human agents and their potential influence on vehicle tra-
jectory planning. These environmental encodings provide
crucial contextual information that is directly concatenated
with the social interaction features without passing through
the pooling mechanism.



Figure 2. EKI-GAN Architecture Overview: The framework employs a dual-stream approach with six specialized encoders processing
vehicle-centric and environmental information to generate socially-aware trajectory predictions at signalized intersections.

This dual-stream architecture enables the generation of
realistic and socially-aware trajectory predictions through
the structured synthesis of social vehicular interactions and
comprehensive environmental context. The framework’s
strength lies in its ability to distinguish between information
that requires social interaction modeling and environmental
factors that provide direct contextual constraints.

3.1.1. Encoder Architecture
The generator employs six specialized encoders organized
into two distinct processing streams, each designed to han-
dle different types of input data:

Vehicle Information Encoders:
• Trajectory Encoder: This module focuses on spatial co-

ordinates (x, y) of vehicles, utilizing Recurrent Neural
Network (RNN) architectures to capture temporal depen-
dencies and movement patterns in trajectory data:

Etraj = RNNtraj(X,Y ), (1)

where X and Y refer to vectors composed of coordinates
of trajectory points.

• Motion Encoder: This encoder processes dynamic ve-
hicle states, including velocity and acceleration. It em-
ploys an RNN to understand the temporal evolution of
these state variables:

Emotion = RNNstate(V,A), (2)

where V represents vehicle speed vectors and A denotes
acceleration vectors.

• Physical Attributes Encoder: This component encodes
vehicle-specific information including type and dimen-
sions through separate embedding layers for categorical

data and linear layers for continuous data:

Ephy = Concat(Embedtype(T ),Linearsize(L,W )), (3)

where T denotes vehicle type, and L, W indicate length
and width respectively.
Environmental Information Encoders:

• Traffic Encoder: Dedicated to processing traffic state in-
formation, this encoder transforms discrete traffic states
into higher-dimensional representations:

Etraffic = Embedtraffic(Tstate), (4)

where Tstate signifies the traffic light status at the intersec-
tion.

• Map Encoder: This encoder processes road infrastruc-
ture information extracted from OSM data to provide spa-
tial and semantic context:

Emap = MapEncoder(Mlocal), (5)

where Mlocal represents the local map elements around
the vehicle.

• Pedestrian Encoder: This component models surround-
ing pedestrians and their potential interactions with vehi-
cles:

Eped = PedestrianEncoder(Pobs), (6)

where Pobs denotes the observed pedestrian trajectories
and states.

3.1.2. Dual-Stream Social Interaction Modeling
The two processing streams are handled differently based
on their roles in vehicular interaction modeling:



Vehicle Information Processing: Features from the
Trajectory, Motion, and Physical Attributes Encoders are
concatenated to form a combined vehicle feature vector:

Fvehicle = Concat(Etraj, Emotion, Ephy). (7)

This vehicle feature vector undergoes social interaction
modeling through our Multi-dimensional Attention Pooling
Net (MAP-Net), which captures complex inter-vehicle dy-
namics and spatial relationships:

Fsocial = MAP-Net(Fvehicle, (X,Y ), V ), (8)

where (X,Y ) denote trajectory coordinates and V indicates
speed vectors.

Environmental Information Processing: The environ-
mental encoders provide contextual information that di-
rectly influences vehicle behavior without requiring social
interaction modeling. These features are preserved inde-
pendently:

Fenv = Concat(Etraffic, Emap, Eped). (9)

3.1.3. Decoder and Output Generation
The decoder integrates both processing streams to generate
future trajectory predictions. The comprehensive input to
the decoder combines the social interaction features with
the original vehicle features and environmental context:

Ffinal = Concat(Fsocial, Fvehicle, Fenv). (10)

The decoder, implemented through an LSTM frame-
work, utilizes this enriched input to forecast future vehicle
trajectories:

Trajectoryfuture = LSTM([Ffinal; z]), (11)

where z introduces randomness for generating diverse plau-
sible future trajectories.

This dual-stream architecture ensures that vehicle-
centric information undergoes appropriate social interac-
tion modeling while environmental factors provide di-
rect contextual constraints, leading to more accurate and
contextually-aware trajectory predictions.

3.1.4. Discriminator
The discriminator evaluates generated trajectories by com-
paring them against actual vehicle movements, providing
feedback to improve generation quality. The discriminator’s
objective follows the standard GAN formulation:

min
G

max
D

V (G,D) = Ex∼pdata(x)[logD(x)]

+ Ez∼pz(z)[log(1−D(G(z)))]. (12)

3.2. Map Encoding
Road network topology and infrastructure elements signifi-
cantly influence vehicle trajectory patterns at signalized in-
tersections. To address this, we propose a lightweight map
encoding framework that leverages OpenStreetMap (OSM)
data to provide spatial and semantic context for trajectory
prediction, enabling predictions that are both socially aware
and environmentally consistent.

3.2.1. Vector Map Representation and Feature Extrac-
tion

We systematically parse vectorized HD Map data to extract
three primary structures: Nodes (point locations), Ways
(road segments), and Relations (complex relationships).
For each way wi ∈ W , we extract geometric and seman-
tic features:

Geometric Features: Given nodes with coordinates, we
compute length as the sum of segment distances, direction
as the angle between start and end points, and center as the
mean coordinate position.

Semantic Features: We extract properties from OSM
tags including directional constraints (one-way vs. bidirec-
tional), normalized speed limits, road priority levels, and
connectivity information.

The complete feature vector integrates both geometric
and semantic attributes:

fmap
i = [Li, θi, wdefault, ci, fdirection, fpriority, fspeed, fconnectivity]

(13)

3.2.2. Spatial Context Encoding
For vehicle trajectory X = {x1, . . . ,xT }, we encode local
map context around current position xT . We identify the K
nearest elements within radius r and compute aggregated
features for fixed-size representation:

hspatial = [favg type, favg dist, fcount] (14)

where features represent average element type, distance,
and count within the local region.

3.2.3. Neural Map Encoding
The spatial context is processed through a learnable en-
coder:

hmap = Wmaphspatial + bmap (15)

This approach provides efficiency through local element
selection, generalizability across OSM-compatible data,
and interpretability through semantic feature meanings.

3.3. Pedestrian-Aware Encoding
Human-vehicle interactions represent a critical factor in ur-
ban trajectory prediction, particularly at intersections where
pedestrians and vehicles share spatial environments. We
propose a hierarchical pedestrian encoding framework that



models dynamic pedestrian behavior and quantifies their in-
fluence on vehicle trajectory planning.

3.3.1. Pedestrian State Representation
For each scenario, we consider up to Nped pedestrians,
where each pedestrian pj is characterized by temporal state
vectors. The pedestrian data is structured as collections of
trajectory sequences, with each state vector encompassing
positional coordinates, velocity components, and accelera-
tion information over the observation window.

3.3.2. Multi-Modal Feature Extraction
We employ dual-branch encoding that separately processes
spatial trajectory and kinematic dynamics:

Trajectory Branch: Encodes spatial movement patterns
through dedicated LSTM networks that process embedded
coordinate sequences, capturing long-term spatial patterns
and directional intentions.

Kinematic Branch: Processes velocity and acceleration
information through separate LSTM encoders focused on
dynamic movement characteristics.

The trajectory and kinematic features are fused through
multi-layer perceptrons:

hped
j = MLPfusion([h

traj
j ,hstate

j ]) (16)

3.3.3. Hierarchical Attention Mechanism
We implement attention to identify influential pedestrians
by computing mean pedestrian features and applying atten-
tion MLPs to generate normalized attention weights:

hpedestrian =
∑Nactive

j=1
αjh

ped
j (17)

where αj represents the attention weight for pedestrian
j, computed through softmax normalization of attention
scores.

This framework provides comprehensive modeling
through dual-branch architecture, selective attention for rel-
evant pedestrians, and scalability across varying pedestrian
numbers.

3.4. Multi-Dimensional Attention Pooling Net
(MAP-Net)

Traditional attention pooling mechanisms inadequately cap-
ture the multi-faceted nature of vehicular interactions in
complex traffic scenarios. MAP-Net extends conventional
frameworks by incorporating richer feature representations
and enhanced numerical stability to achieve robust trajec-
tory prediction.

3.4.1. Multi-Dimensional Feature Extraction
MAP-Net extracts comprehensive interaction features be-
yond simple spatial proximity:

Multi-Dimensional Interaction Features For vehicle
pairs i and j, we compute distance-based features through
learnable embeddings of Euclidean distances, directional
features using trigonometric encoding of relative orienta-
tions, and velocity differential features capturing relative
motion patterns. These are combined with standard spatial
and velocity embeddings to form enhanced feature repre-
sentations:

Fenhanced
ij = [Eij ;Vi;F

dist
ij ;Fdir

ij ;F
vel diff
ij ] (18)

3.4.2. Enhanced Attention and Adaptive Gating
Stabilized Attention Mechanism To ensure numerical
stability, we employ clamped softmax operations that re-
strict attention logits to stable numerical ranges:

Wij =
exp(clamp(fattention(F

enhanced
ij )))∑

k∈Ni
exp(clamp(fattention(F

enhanced
ik ))) + ϵ

(19)

Context-Aware Gating Adaptive gating enables dy-
namic emphasis between social interactions and individual
dynamics based on vehicle hidden states:

W̃ij = Wij ⊙ σ(fgate(Hi)) (20)

The vehicle hidden states are modulated by normalized
gated attention weights to create context-aware representa-
tions.

3.4.3. Contextual Pooling
The final pooled representation integrates weighted states
with relative position embeddings through max-pooling op-
erations:

MAPFi = max
(
fpool

(
[Eij ;Hi ⊙ W̃ij ]

))
(21)

Through multi-dimensional feature extraction, stabilized
attention computation, and adaptive gating mechanisms,
MAP-Net delivers robust agent interaction representation
that improves prediction accuracy while maintaining com-
putational efficiency.

4. Experiments
4.1. Dataset
Existing trajectory datasets can be categorized by their
scope and focus. Pedestrian datasets such as ETH [19] and
UCY [14] capture human movement patterns, while single-
vehicle datasets like Argoverse [5] and nuScenes [4] focus
on individual vehicle behavior. Multi-vehicle datasets in-
cluding INTERACTION [32] and inD [2] capture vehicle
interactions but lack comprehensive contextual information.
These datasets fail to simultaneously provide the detailed



vehicle characteristics (type, dimensions, velocity, acceler-
ation), pedestrian dynamics, traffic signal states, and high-
definition map topology required for intersection trajectory
prediction.

After evaluating available datasets [2, 3, 5, 13, 23,
27, 32], we selected the Signalized INtersection Dataset
(SinD) [28] for our experiments. SinD captures data from
a two-phase signalized intersection in Tianjin, China, using
drone footage to ensure naturalistic behavior. The dataset
contains over 13,000 traffic participants across seven cat-
egories (cars, buses, trucks, motorcycles, bicycles, tricy-
cles, and pedestrians) recorded over seven hours. SinD pro-
vides comprehensive information including vehicle specifi-
cations, motion parameters, traffic light states with timing
data, and high-definition map topology. The dataset fea-
tures 62.6% vulnerable road users and documents traffic
violations, making it ideal for evaluating complex vehicle-
pedestrian interactions at signalized intersections.

4.2. Experimental Setup and Evaluation Metrics

We processed the SinD dataset by downsampling from its
original 30 Hz capture frequency to 2 Hz using a step in-
terval of 15 frames. This temporal reduction addresses po-
tential data bias arising from minimal vehicle displacement
during traffic signal-induced stops, which could adversely
impact the model’s capacity to learn meaningful motion pat-
terns. From the 23 available segments in the SinD dataset,
we allocated 20 segments for training and 3 segments for
validation to ensure robust model evaluation. Our experi-
mental design employs a 6-second observation window (12
frames) followed by prediction horizons of 6 seconds (12
frames) and 9 seconds (18 frames), enabling comprehensive
evaluation across different temporal scales.

The training configuration utilizes a batch size of 64
across 100 training epochs. We employed differentiated
learning rates with the Generator set to 0.0005 and the Dis-
criminator configured at 0.0005 to ensure stable adversar-
ial training dynamics. Model performance evaluation re-
lies on two standard trajectory prediction metrics: Average
Displacement Error (ADE) and Final Displacement Error
(FDE), formulated as:

ADE =
1

N

∑N

i=1

1

T

∑T

t=1

√
(xi

t − x̂i
t)

2 + (yit − ŷit)
2,

(22)

FDE =
1

N

∑N

i=1

√
(xi

T − x̂i
T )

2 + (yiT − ŷiT )
2, (23)

where N represents the trajectory count, T denotes the
prediction timeframe, (xi

t, y
i
t) indicates actual position co-

ordinates, and (x̂i
t, ŷ

i
t) represents predicted coordinates at

timestep t for trajectory i.

Table 1. Evaluation Metrics for Trajectory Prediction for SinD
dataset (underlined values indicate best performance)

Method 12-12 12-18

ADE FDE ADE FDE

S-GAN 1.32 2.46 1.53 2.95
S-LSTM 0.87 1.60 0.96 1.78

Trajetron++ 0.37 0.93 0.70 1.91
FJMP 0.27 0.68 0.41 1.13

HP-Net 0.09 0.21 0.11 0.25
KI-GAN 0.05 0.12 0.11 0.26
I2XTraj 0.09 0.12 0.10 0.21

EKI-GAN (Ours) 0.05 0.11 0.09 0.19

4.3. Quantitative Analysis

Table 1 presents the quantitative evaluation results of our
EKI-GAN framework compared against state-of-the-art tra-
jectory prediction methods on the SinD dataset. The over-
all low ADE and FDE values across all methods can be
attributed to the nature of intersection prediction, where
vehicles frequently remain stationary due to traffic sig-
nal constraints, resulting in near-zero prediction errors for
stopped vehicles that significantly reduce the average met-
rics. Our EKI-GAN achieves state-of-the-art performance
across both evaluation scenarios (12-12 and 12-18). In
the shorter prediction horizon (12-12), EKI-GAN demon-
strates competitive performance with KI-GAN in ADE
while achieving the best FDE of 0.11, representing an im-
provement albeit modest due to the already low baseline
values. The more substantial improvements are evident in
the longer prediction horizon (12-18), where EKI-GAN out-
performs all competing methods. Notably, compared to the
previous state-of-the-art I2XTraj method [31], our approach
achieves a 10% reduction in ADE (from 0.10 to 0.09) and a
9.5% reduction in FDE (from 0.21 to 0.19), demonstrating
the effectiveness of our enhanced multi-modal encoding and
attention mechanisms for extended trajectory forecasting.

4.4. Qualitative Analysis

The visual evaluation presented in Figure 3 showcases
representative prediction examples from our validation
dataset. The visualization includes six distinct scenarios,
with the upper row demonstrating 12-frame observation and
12-frame prediction configurations, while the lower row
presents 12-frame observation with 18-frame prediction set-
tings. Our EKI-GAN model exhibits exceptional align-
ment between forecasted paths and actual vehicle move-
ments across diverse traffic conditions, ranging from low-
density scenarios with minimal vehicle interactions to com-
plex high-density situations involving multiple simultane-
ous maneuvers. This visual coherence validates the quanti-



Figure 3. Trajectory Predictions by EKI-GAN on SinD Dataset: Visual Comparison of Ground Truth and Model Predictions. Light
red to dark red dots represent observed and predicted ground truth trajectories, while light green to dark green dots illustrate EKI-GAN
predictions, demonstrating temporal progression and prediction accuracy across different forecasting horizons.

tative metrics and demonstrates the model’s robust capabil-
ity to handle varying traffic complexities while maintaining
prediction accuracy across different temporal horizons.

4.5. Ablation Study
Our ablation study systematically evaluates each encoder
component’s contribution through selective removal exper-
iments. Table 2 demonstrates that the Traffic Light En-
coder has the most substantial impact, with its removal
causing dramatic performance degradation—ADE increas-
ing by 720% in the 12-12 scenario. This reflects traffic sig-
nals’ fundamental role in governing vehicle behavior at sig-
nalized intersections. The Map Encoder shows modest in-
fluence, with removal resulting in 22% ADE increase for
12-18 prediction, reflecting the single-intersection nature of
SinD dataset where positional encoding can implicitly ac-
quire spatial semantics.

Table 2. Impact of Encoder Components (A: Trajectory Encoder,
B: Motion Encoder, C: Physical Attributes Encoder, D: Traffic
Light Encoder, E: Map Encoder, F: Pedestrian Encoder)

A B C D E F
12-12 12-18

ADE FDE ADE FDE

✓ × ✓ ✓ ✓ ✓ 0.09 0.23 0.17 0.45
✓ ✓ × ✓ ✓ ✓ 0.07 0.15 0.14 0.33
✓ ✓ ✓ × ✓ ✓ 0.41 0.97 0.63 1.50
✓ ✓ ✓ ✓ × ✓ 0.05 0.11 0.11 0.24
✓ ✓ ✓ ✓ ✓ × 0.07 0.13 0.13 0.31
✓ ✓ ✓ ✓ ✓ ✓ 0.05 0.11 0.09 0.19

Table 3 validates our MAP-Net’s effectiveness compared
to existing pooling approaches. MAP-Net consistently
achieves the lowest prediction errors, demonstrating 8.3%
FDE improvement over VAP-Net (from 0.12 to 0.11) in 12-
12 scenario and 10% ADE improvement (from 0.10 to 0.09)
in 12-18 scenario. Performance gains over traditional meth-
ods are more substantial, with 44% FDE reduction com-
pared to Social Pool Net (from 0.16 to 0.11), demonstrating

our multi-dimensional attention mechanism’s superior ca-
pability in capturing complex vehicle interactions.

Table 3. Comparison of Pooling Methodologies

Pooling Method 12-12 12-18

ADE FDE ADE FDE

Social Pool Net 0.07 0.16 0.15 0.38
Hidden Pool Net 0.07 0.19 0.17 0.44

VAP Net 0.05 0.12 0.10 0.25
MAP Net(Ours) 0.05 0.11 0.09 0.19

5. Conclusions

This paper presents the Enhanced Knowledge-Informed
Generative Adversarial Network (EKI-GAN), a compre-
hensive framework for vehicle trajectory prediction at sig-
nalized intersections that addresses critical limitations in
existing approaches through enhanced multi-modal integra-
tion. Our dual-stream architecture with six specialized en-
coders effectively captures both vehicle factors and environ-
mental information, while the proposed Multi-Dimensional
Attention Pooling Network (MAP-Net) enables sophisti-
cated modeling of complex vehicular interactions through
multi-dimensional feature extraction and adaptive atten-
tion mechanisms. Extensive experimental validation on the
SinD dataset demonstrates state-of-the-art performance, es-
tablishing new benchmarks for intersection trajectory fore-
casting accuracy.

Future research directions include exploring the frame-
work’s generalizability across diverse geographical re-
gions and extending EKI-GAN to handle more complex
traffic scenarios, including congested highway environ-
ments, highway on-ramp merging scenarios, and stop sign-
controlled intersections. These extensions would further ad-
vance the framework’s capability to handle the full spec-
trum of urban and highway traffic prediction challenges.
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