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ABSTRACT: With the rapid development of autonomous driving, first-person view (FPV) pedestrian 
trajectory prediction has emerged as a key research direction to improve transportation system safety and 
operational efficiency. However, current studies ignore inter-pedestrian group information and long- and 
short-term dependence, leading to error accumulation at medium and long temporal horizons. To address 
these problems, we propose an FPV pedestrian trajectory prediction model dubbed MUGI-Net (Mixture of 
Universals and Group Interaction Network). It adopts a group pooling mechanism to adaptively aggregate 
group nodes and build sparse intra- and inter-group interaction graphs to fuse group interaction information. 
Afterward, it employs a Mixture of Universals (MoU) structure that combines MoF (Mixture of Feature 
Extractors) and MoA (Mixture of Architectures) to capture short-term dynamics and long-term 
dependencies simultaneously. Extensive experiments on the JAAD and PIE datasets show that MUGI-Net 
reduces the 1.5 s prediction MSE by 5% compared with the state-of-the-art AANet, and achieves the best 
performance on multiple key metrics, which is beneficial for autonomous driving in mixed traffic scenarios. 

Keywords: First-person view; Trajectory prediction; Group interaction; Hybrid temporal encoding 
 

1. Introduction 

With the ongoing evolution of autonomous driving technology and intelligent transportation systems 
(ITS), pedestrian safety has become an important research topic in traffic safety [1]. Especially against the 
backdrop of the accelerated implementation of advanced driver assistance and autonomous driving 
functions, how to achieve reliable prediction of pedestrians’ future motion states, enabling vehicles to plan 
online and adjust motion strategies promptly to reduce potential collision risks, has become a key issue that 
needs to be broken through [2]. Direct value for improving road traffic safety is not only provided by 
pedestrian trajectory prediction, but also by fundamental support for refined, intelligent regulation of smart 
city traffic management and traffic flow [3,4]. In this context, pedestrian trajectory prediction from the first-
person view (FPV) has gradually attracted attention: this paradigm models directly based on on-board 
forward perception information, avoiding to a certain extent the geometric errors and cumulative deviations 
introduced by view transformation and coordinate mapping in bird’s-eye view (BEV) methods [5–8]. 
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However, the FPV scenario is characterized by more significant dynamic changes in imaging 
perspective, occlusion, and scale transformation, making it more difficult to stably characterize the motion-
interaction relationships between pedestrians in the scene [9,10]. To improve FPV prediction performance, 
existing studies have proposed multi-modal prediction frameworks that usually combine historical 
trajectories and relevant contextual information to generate multiple feasible future trajectories [11–13]. 
Dynamic changes in the FPV scenario are addressed by these methods to some extent. However, they 
remain insufficient for modeling dynamic interactions at the group level. Individual historical motion and 
local spatial cues are focused on by most works, making it difficult to fully characterize the time-evolving 
interaction effects among pedestrians, thereby limiting the generalization ability and the medium- to long-
term prediction accuracy in complex traffic environments [14,15]. 

Overall, existing FPV pedestrian trajectory prediction methods still face the following challenges: (i) 
The interaction relationships among pedestrians are highly nonlinear and time-varying. Existing models 
usually focus on a single trajectory of the target pedestrian, lack spatiotemporal feature fusion, and make it 
difficult to quantify the contribution of individuals to group behavior, thereby limiting explicit modeling 
capability for complex group interactions and the accurate characterization of social relationships and group 
interaction laws. (ii) Existing models mostly rely on relatively static pattern assumptions, and traditional 
temporal modeling structures tend to smooth out segment differences and lose short-term details, making 
it difficult to depict the rapid switching of pedestrians’ local behavior patterns, resulting in continuous error 
accumulation in long temporal prediction and the inability to balance the capture of local dynamic patterns 
and the global temporal dependence. 

To address the above problems, this paper proposes a method called Mixture of Universals and Group 
Interaction Network (MUGI-Net), as shown in Figure 1. The main innovations are summarized as follows: 

(1) Aiming at the problem that traditional methods usually only model around the target pedestrian’s 
trajectory and are difficult to depict the influence of group interaction, this paper proposes a group 
pooling mechanism. It realizes dynamic group division by fusing information on relative distance, 
velocity, and motion direction among pedestrians. It constructs intra-group and inter-group interaction 
graphs, explicitly modeling pedestrian cooperative behavior at the group level, thereby improving 
interaction expression and effectively reducing the complexity of graph structure modeling. 

(2) Aiming at the problem that traditional temporal models are difficult to balance short-term dynamic 
capture and long-range dependence modeling, this paper proposes a Mixture of Universals (MoU) 
structure. It realizes adaptive short-term feature extraction via the Mixture of Feature Extractors (MoF). 
It fuses Mamba, convolution, and self-attention mechanisms via the Mixture of Architectures (MoA), 
thereby achieving multi-scale temporal dependence modeling. 

(3) To improve the multi-modal trajectory prediction capability, this paper introduces an Iterative 
Refinement Module (IRM) based on intention anchors in the decoding stage. By treating learnable 
intention anchors as query vectors and combining a multi-layer Transformer architecture to perform 
layer-by-layer interactions and semantic updates on the historical trajectory context, it gradually aligns 
with the global motion pattern prior to the sample’s conditional modality, thereby generating more 
stable and diverse future trajectory prediction results. 

Experimental results show that the method in this paper achieves excellent performance in the FPV 
pedestrian trajectory prediction task: on the JAAD dataset, the model achieves MSE_15 = 153 in the 1.5 s 
prediction task, which is about 5% lower than the current state-of-the-art AANet method (161); on the PIE 
dataset, the model achieves MSE_10 = 33 in the 1.0 s prediction task, and outperforms most existing 
methods in indicators such as MSE_15, CMSE and CFMSE, verifying the effectiveness of the proposed 
group interaction modeling and hybrid temporal encoding structure. The rest of this paper is organized as 
follows: Section 2 introduces related research; Section 3 elaborates on the proposed pedestrian trajectory 
prediction model and its key modules; Section 4 presents the experimental settings and analyzes the results; 
and Section 5 summarizes the paper and outlines future research directions. 
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Figure 1. Schematic diagram of pedestrian trajectory prediction. (a) Single pedestrian, (b) intra-group pedestrian interaction, (c) 
inter-group pedestrian interaction. 

2. Related Work 

This section systematically reviews existing research on pedestrian trajectory prediction and the 
temporal modeling techniques used to model it. Mainstream methods and the existing limitations of related 
tasks are outlined. 

2.1. Pedestrian Trajectory Prediction 

In recent years, deep learning has advanced significantly in FPV trajectory prediction. For instance, 
many studies combine CNNs with RNNs to predict future positions using historical trajectory data, 
capturing spatiotemporal relationships [16–20]. Due to the randomness of pedestrian trajectories, Xu et al. 
[21] proposed a multi-modal framework combining LSTM and CNN to generate diverse trajectories, 
applicable to FPV scenarios. As intelligent transportation development advances, FPV prediction also 
requires contextual information. Niu et al. [22] proposed the AANet model, which processes pedestrian 
trajectories and ego-vehicle motion using a two-stream architecture to enhance scene understanding by 
learning about agent interactions. 

Modeling pedestrian social and group interactions is another key direction. SHENet correlates 
individual and group trajectories with environmental information, while BiTraP captures bidirectional 
group motion correlation [17]. Recent studies integrated collision awareness into the graph Transformer 
[23], but lack FPV-specific optimizations. Dynamic subclass-balancing contrastive learning addresses 
long-tail trajectory issues [24]. Federated learning combined with dual-channel destination guidance 
protects privacy and improves trajectory rationality [25]. The TPPO predictor with a pseudo-Oracle module 
provides prior information for multi-modal prediction [26]. Despite covering multiple dimensions, previous 
studies did not sufficiently explore group interaction, and pedestrian analysis was isolated. To address this, 
pedestrians are grouped by relative direction and distance, and intra- and inter-group interactions are 
explored to improve FPV prediction performance. 
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2.2. Temporal Encoding 

In recent years, the temporal encoding module has become a core component in trajectory prediction 
models. Early works are mainly based on RNNs (e.g., LSTM, GRU), which encode observed trajectory 
sequences into hidden states to model long-term dependence between historical and future motions [27,28]. 
With Transformers, work increasingly uses self-attention to replace/supplement RNN encoding for unified 
temporal modeling of long-range dependence and multi-agent interaction [29,30]. Yuan et al.’s 
AgentFormer [27] applies self-attention in temporal and agent dimensions to encode the “socio-temporal” 
structure and improve prediction performance. To enhance scene adaptability, an adaptive progressive 
Transformer adjusts attention weights based on scene features [31]. For fast cross-scene adaptation, meta-
inverse reinforcement learning [32] and online multi-source transfer learning [33,34] enhance 
generalization from different perspectives by mining motion reward functions and extracting universal 
temporal features, respectively. 

Traditional temporal encoding has limitations: RNNs are limited in modeling long-term dependencies, 
Transformers weaken local details, and linear state-space models lack expressiveness. To address this, this 
paper proposes a MoU-structured temporal encoding method that balances local representation and global 
temporal dependence while maintaining controllable complexity. 

3. Methodology 

The overall framework of the proposed FPV pedestrian trajectory prediction model is detailed in this 
section. To address problems of unstable grouping, insufficient temporal feature modeling, and single-
modal prediction bias in first-person view scenarios, the model comprises four core components: a group 
interaction module, a MoU-structured temporal module, and a decoder with intention anchor refinement. 
Specifically, the group interaction module accurately groups pedestrians and models fine-grained intra- and 
inter-group interactions in FPV scenes, the temporal module efficiently captures multi-scale temporal 
dependencies via a hybrid structural design, and the decoder generates diverse and reasonable future 
trajectories through iterative intention refinement. The design details of each module are introduced 
sequentially below. The symbols used in this work are shown in Table 1. 

Table 1. Symbols used in this work. 

Symbol Definition 
Th/Tf Historical/Future observation time length 
Xi/Vi Position/Velocity information of the i-th pedestrian 
Gped Pedestrian graph 
Vped Pedestrian node set 
Eped Edge set of social interactions 
Ŷ Predicted trajectory of the model 

3.1. Overall Model Architecture 

Given a historical horizon of Th, the goal is to predict K possible trajectories of pedestrians in the future 
Tf time steps, denoted as . As shown in Figure 2, the encoder module 

processes historical trajectories and inter-group information via positional encoding and a temporal module 
to produce representations suitable for model computation. In the temporal module, features are extracted 
using token embeddings and Mamba layers. Then, in the decoder module, convolutional layers and 
attention mechanisms are used to further capture local features and critical information. Self-attention and 
cross-attention mechanisms help the model focus on different parts of the input and on relationships 
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between modalities, and the final trajectory prediction results are generated by a feed-forward network. The 
key modules are elaborated below. 

 

Figure 2. Pipeline of the proposed method. 

3.2. Group Interaction Module 

FPV pedestrian trajectory prediction is affected by both pedestrian motion and ego-motion. Thus, 
traditional group interaction modeling for BEV may lead to unstable grouping, identity confusion, and 
distorted interactions. To address the above challenges, we propose a group interaction module, as shown 
in Figure 3. Its overall process is elaborated as follows: (1) the historical trajectories are used for dynamic 
grouping; (2) the grouping results are used to construct intra-group interaction graphs and inter-group 
interaction graphs; (3) intra-group interaction features and inter-group interaction features are extracted 
from the two types of graphs respectively; (4) these two types of interaction features are then fused with 
historical trajectory features; (5) the fused features are used as the input of the temporal encoding module 
and enter MoF and MoA; (6) the encoding results are then sent to the decoder to complete the prediction. 

 

Figure 3. Flowchart of the group interaction module. 
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The above processes allow the group interaction module to effectively extract group-level social 
interaction features while preserving individual identity information, providing richer, structured input for 
the subsequent temporal encoding module and improving the overall performance of FPV pedestrian 
trajectory prediction. As shown in Step 1 of Figure 3, the set of bounding boxes of all pedestrians at time t 
within the observation time range Th is expressed as: 

 (1) 

where xt denotes the bounding box at the time step t, and Nx is its dimension. 

3.2.1. Group Division 

In the pedestrian trajectory prediction task, each node must retain its original identity information and 
describe the dynamic attributes of group behavior in the scene, thereby providing a basis for restoring the 
original identity information in subsequent steps. Existing studies have failed to adequately address 
pedestrian behavioral characteristics, especially motion direction. 

Group division based solely on Euclidean distance calculations is prone to trajectory crossing or 
identity confusion [30]. To solve this problem, A method that fuses Euclidean distance and velocity 
direction is proposed, accounting for the influence of both motion velocity and spatial distance. As shown 
in Step 2 of Figure 3, because the distance, velocity difference, and direction angle between individuals in 
the same group may have significant characterizing effects, feature similarity among all pedestrians is 
calculated using historical trajectories, Euclidean distances, and velocity magnitudes and directions for each 
pedestrian. Based on the obtained similarity measurement, pedestrian combinations that may belong to the 
same group can be effectively identified. For this purpose, A pairwise distance matrix D is defined, and a 
set of group membership indicator variables P is introduced, which are specifically expressed as follows: 

 (2) 

 (3) 

where FΦ is a learnable convolutional layer for learning deep group features. Xi and Vi represent position 
information and velocity, respectively. Π is a learnable threshold parameter. Pair(∙,∙) represents pedestrians 
that may belong to the same group. 

Subsequently, group indicators are constructed by analyzing the relationships among group members. 
In this context, the variable k represents the index of the k-th group, which is the union of each paired set 
(i, j). The key point is that there is no overlap between members across groups. Therefore, the group index 
G is defined as a set containing all members of a specific group: 

 
(4) 

3.2.2. Group Pooling 

To deeply explore the interaction relationships among pedestrians, A graph network is adopted for 
modeling [31] in this study. In this model, it is necessary to maintain the identity index information of each 
graph node to ensure that relevant nodes are included and irrelevant nodes are excluded. However, existing 
methods often use an average aggregation across the entire group, which is inconsistent with the study’s goal. 
From the first-person view, average aggregation will further amplify the perspective scale difference: the 
bounding boxes of pedestrians closer to the camera change more drastically, and undifferentiated averaging 
is likely to lead to the group representation being dominated by “large-scale changes in the near field”. 
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To achieve this goal, a new method called attentional group pooling and unpooling is proposed. As 
shown in Step 3 of Figure 3, first, pedestrian nodes are grouped based on common behavior patterns and 
surrounding information sets. During this grouping process, the features of the corresponding nodes are 
aggregated into a single representative node for each pedestrian group, guided by attention weights. The 
aggregated group features are stacked for use in subsequent modules to learn sparse connections in the 
spatiotemporal graph. Attentional pooling is used to select the most representative features for each 
pedestrian node. The influence of group members is determined by their velocity, with higher velocity 
leading to greater influence and being assigned larger weights. Using the above method, we construct a 
graph with significantly fewer nodes than the input graph. The clustered trajectory features Z are defined 
as follows: 

 (5) 

where K is the total number of groups, W is the attention weight, and Xi is the feature of each member. 
To restore the grouped graph structure to the original scale, an unpooling operation is required. This 

method can predict each agent’s trajectory based on the agent’s output features and fusion information. 
Since the convolution operation on zero-vector nodes cannot effectively capture group attributes [35,36], 
this study evenly distributes group features Z to N relevant group-member nodes and reintroduces geometric 
information related to camera motion in the unpooling stage, so that each member node obtains the same 
group behavior information. The pedestrian group unpooling operator is defined as follows: 

 (6) 

 (7) 

3.2.3. Intra- and Inter-Group Interaction 

Social interaction is integrated into the sparsely connected spatiotemporal graph network at the group 
level. As shown in Step 4 of Figure 3, by providing three different graph-structure data types (intra-group 
interaction, inter-group interaction, and historical trajectory) to the same base model, the model can extract 
diverse features. The hierarchical structure for mapping intra-group interaction features is at the individual 
level. The nodes remain pedestrians. The edges only connect members within the same group. The main 
modeling focuses on the local coordination relationships among group members, including speed 
consistency, formation maintenance, mutual following, and collision-avoidance constraints. The 
hierarchical level for constructing interaction features between groups is the group level; the nodes have 
become “group nodes”. The edges represent the interactions between different groups. The main modeling 
focuses on the high-level relationships between groups, such as yielding, overlapping, competing for space, 
and overall avoidance. The pedestrian graph Gped = (Vped, Eped) is defined as a set Vped = {Xn | n ∈ [1, 2, …, 
N]} of pedestrian nodes and a set Eped = {e_ij | i, j ∈ [1, 2, …, N]}of edges representing pairwise social 
interactions. The intra-group interaction graph is defined as Gmember = (Vped, Emember), which consists of a set 
Vped of pedestrian nodes and a set Emember of edges representing pairwise social interactions among group 
members, where Emember = {eij ∣ i, j ∈ [1, 2, …, N],(i, j) ⊂ Gk, k ∈ [1, 2, …, N]}. This graph enables pedestrian 
nodes to learn avoidance norms within the group while maintaining their formation and motion direction. 
From the first-person view, intra-group interaction also needs to maintain invariance to “overall formation 
translation/scaling caused by camera following”: by introducing an ego-motion correction term in the intra-
group edge features, the model can focus more on the changes in relative motion (relative velocity/relative 
direction) among members rather than global view drift. 
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Inter-group interaction is also crucial for learning social norms between different groups. The inter-
group interaction graph is defined as Ggroup = (Vgroup, Egroup), where nodes Vgroup = {Xk ∣ k ∈ [1, 2, …, K]} 
represent the features of each group and edges Egroup = {ep,q ∣ p,q ∈ [1, 2, …, K]} represent the interactions 
between paired groups. In the first-person scenario, inter-group relationships are affected by the field of 
view and perspective depth: distant groups appear denser and smaller in the image, while near groups are 
sparser and exhibit greater scale changes. For this reason, inter-group edge features can encode both 
“relative orientation/scale change trend” and “ego-motion consistency”, thereby improving the ability to 
model interactions across distance scales. 

In this framework, weights are shared by the model, thus reducing the number of parameters and 
improving the overall performance. Subsequently, the model’s output features are aggregated into agents, 
and the group fusion module is used to predict the probability distribution of future trajectories. The 
predicted trajectory Ŷ generated by the group fusion module Fψ is expressed as: 

 (8) 

where Fψ and Fθ are learnable parameters, which are randomly initialized at the beginning. 

3.3. Temporal Module 

The temporal module is the core component of the Mixture of Universals (MoU) model, by which 
short- and long-term dependence relationships in temporal data are effectively captured. As shown in Figure 
4, unlike the traditional Transformer and Mamba temporal encoding methods, this model combines two 
key components: Mixture of Feature Extractors (MoF) and Mixture of Architectures (MoA), which are used 
to extract short-term features and model long-term dependencies, respectively. 

First, in the MoF module (Section 3.3.1), the model divides the trajectory sequence into multiple time 
patches using a sliding window and employs multiple sub-extractors to adaptively extract features across 
different patches, thereby capturing dynamic change features over a short time range more accurately. Then, 
in the MoA module (Section 3.3.2), the model performs hierarchical modeling on the extracted temporal 
features by fusing multiple structures such as Mamba layers, convolutional layers, self-attention layers, and 
feed-forward networks, to learn both local dependence relationships and global long-term dependence 
simultaneously, thus improving the model’s expressive ability for complex trajectory patterns. Through the 
above design, the temporal module can effectively model the multi-scale temporal dependence of pedestrian 
trajectories while maintaining computational efficiency and providing richer, more stable temporal feature 
representations for subsequent trajectory prediction. 

 

Figure 4. Comparison of MoU with traditional temporal encoding modules. 



Drones Auton. Veh. 2026, 3(2), 10012. doi:10.70322/dav.2026.10012 9 of 21 

 

3.3.1. Mixture of Feature Extractors (MoF) 

Traditional time-series patch-embedding methods (such as linear projection) use the same 
transformation parameters for all patches, ignoring differences in feature affinity across patches due to 
semantic context. This homogenization process will lead to the loss of part of the context information and 
limit the accurate representation of short-term details. 

Features from each time-series patch are extracted by MoF, which is an adaptive feature extractor. In 
MoF, the input time series is divided into multiple patches through a sliding window. For each patch, MoF 
is processed by a set of Sub-Extractors to produce the patch’s feature representation. The operation of MoF 
can be expressed as follows: 

 (9) 

where Xp is the input time series patch. Fi(Xp) is the i-th sub-extractor, which generates the patch’s feature 
representation. Ri(Xp) is the routing function, which is used to selectively activate the most suitable sub-
extractor to ensure computational efficiency and adaptability. 

3.3.2. Mixture of Architectures (MoA) 

Although Transformers can model global long-term dependencies, they are computationally intensive; 
Mamba is computationally efficient, but there is a risk of information loss in long-term prediction. 
Dependence relationships are modeled step by step by MoA, from local to global, through a hierarchical 
hybrid architecture that balances efficiency and performance. 

MoA is used to capture long-term dependence relationships in time series. As shown in Figure 5, the 
MoA structure includes four levels: Mamba layer, Feed Forward layer, Convolution layer, and Self-
Attention layer, each of which captures different aspects of long-term dependence. The calculation of MoA 
is as follows: 

(1) Mamba layer: First, it selectively processes time-varying dependence relationships as follows: 

 (10) 

 (11) 

where σ represents the activation function (usually SiLU), Conv1D represents the one-dimensional 
convolution operation, and  represents the linear transformation. 

(2) Self-Attention layer: Then, MoA captures global long-term dependence through the self-attention layer: 

 (12) 

where the calculation of the self-attention layer is: 

 (13) 

where Q is the query vector, K is the key vector, V is the value vector, and dk is the dimension of the key. 
(3) Convolution layer: It is used to expand the receptive field, so that the dependence relationships 

between different patches can be learned more comprehensively: 

 (14) 
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where k is the size of the convolution kernel, s is the step size, p is the padding, and cout is the number of 
output channels. 

(4) Feed-forward layer: It increases non-linearity, improving the expressive ability of the model: 

 (15) 

where w1 and w2 are parameters. 
Finally, the long-term dependence representation 𝑋௥௘௣ᇱ  output by the MoA module can be obtained as: 

 (16) 

Output of the encoder module: The output of the encoder module is the feature representation 𝑋௥௘௣ᇱ  
generated by combining the MoF and MoA modules, which is fed into the subsequent prediction layer. 
Finally, the prediction result is obtained by the model through a linear projection: 

 (17) 

 

Figure 5. Details of the MoA. 

3.4. Decoder Module 

In the decoding stage, the future multi-modal motion distribution is explicitly modeled by the model 
through the introduction of intention anchors. Intention anchors are a set of learnable query vectors used to 
characterize potential different motion patterns; each anchor queries the encoded historical trajectory 
context during the decoding process, and is updated and refined layer by layer in the multi-layer decoder 
to obtain a more accurate depiction of the multi-solution future trajectory. 

To improve the rationality of anchor initialization, the initial positions of intention anchors are set 
based on the clustering results of the trajectory distribution in the training data, ensuring they cover the 
main motion pattern clusters. Subsequently, the pattern representation of specific samples is gradually 
converged to by the anchors during the decoder’s iterative update. The initial embedding of the anchor is 
as follows: 

 (18) 

where A represents the intention anchor parameters, and PEA is the positional encoding related to the anchor 
position, used to inject structured position information. 

Iterative Refinement Module (IRM): To refine the representation of trajectory intention anchors layer 
by layer and enhance the model’s ability to model complex spatiotemporal dependence, an Iterative 
Refinement Module (IRM) is designed in the decoder. Taking learnable intention anchors as Query, and 
the historical trajectory context output by the encoder as Key and Value, this module gradually refines the 
semantic representation of anchors through a multi-layer Transformer structure, realizing dynamic 
alignment from the global modal prior to the sample conditional modal [31]. The iterative refinement 
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module stacks N-layer structures, and each layer includes three stages: Self-Attention, Cross-Attention, and 
Feed-Forward transformation. The input of the j layer is the output of the Mj−1 layer, and its update process 
is as follows: 

(1) Self-Attention layer (Anchor-to-Anchor Attention) 

First, it models the interior of the anchors, enabling interactions between different modalities and 
capturing potential correlation relationships: 

 (19) 

where the multi-head attention mechanism is used to model the dependence structure of different subspaces 
in parallel, and the output of each head is spliced and linearly transformed to fuse into a global 
representation. The problem of modal independence between anchors is effectively alleviated, and the 
complementarity of multi-modal features is improved by this step. 

(2) Cross-Attention layer (Mode-to-History Attention) 

The anchor features after self-attention are used as queries to select the spatiotemporal information 
most relevant to the current modality from the historical context H, realizing cross-modal feature alignment: 

 (20) 

Through this interaction, the model can adaptively extract differentiated evidence from historical 
trajectories under different intentions, thereby refining the current pedestrian’s intention layer by layer. 

(3) Feature Transformation layer 

The anchor update features  are further nonlinearly mapped through the feed-forward network to 

obtain the output of the j layer: 

 (21) 

Moreover, the training process is stabilized through residual connection and layer normalization 
(Add&Norm). The output of each layer, Mj, serves as the input to the next layer, enabling layer-by-layer 
semantic refinement and intention alignment. To strengthen multi-layer supervision and training stability, 
a trajectory regression branch Yj, is connected after each layer to generate multi-modal future trajectories. 
The final prediction result is obtained by weighted fusion of the output of each layer: 

 (22) 

where the weight coefficient is set as the mean value or learnable parameters to balance the contribution of 
different layers. 

4. Experiments 

To fully verify the innovation and effectiveness of the proposed MUGI-Net, this chapter designs a 
systematic experimental scheme on two benchmark datasets. First, the experimental datasets, evaluation 
metrics, and implementation details are unified to ensure fair comparison. The overall performance of 
MUGI-Net is then compared with state-of-the-art methods to verify its superiority. Finally, ablation studies 
are conducted to evaluate the core modules. 

4.1. Datasets 

The proposed method is evaluated on two benchmarking datasets: JAAD [36] and PIE [37]. The JAAD 
dataset contains 686 pedestrians collected by vehicle front cameras at 30 Hz; the PIE dataset contains 1842 
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pedestrians with action annotations, also collected at 30 Hz. Video frames, pixel-level pedestrian 
coordinates and bounding box positions, and action/motion information for pedestrians and ego-vehicles 
are provided by both datasets. For pedestrian behavior annotation, both datasets use a consistent coding 
scheme that divides pedestrian actions into “walking” and “standing”. The annotation of ego-vehicle motion 
state is slightly different in the two datasets: the ego-vehicle actions in JAAD are given in the form of 
semantic labels such as “deceleration, acceleration, fast movement, slow movement”, while PIE provides 
continuous velocity and yaw angle measured by on-board sensors (such as gyroscopes). To achieve 
consistent modeling across datasets, the ego-vehicle states in JAAD are recoded into four discrete states: 
0—stop, 1—slow driving, 2—fast driving, and 3—deceleration. Existing works [21,38] are referred to for 
data division and sequence settings to ensure fair comparisons: a historical sequence with a length of 0.5 s 
is used for different modal inputs (i.e., under a 30 Hz sampling rate, the length of the historical sequence is 
set to Th = 15 frames), and the prediction horizons are set to 0.5 s, 1.0 s and 1.5 s respectively, corresponding 
to the prediction sequence lengths of 15, 30, and 45 frames. 

4.2. Evaluation Metrics 

To accurately measure the prediction error of pedestrian trajectories in FPV (characterized by bounding 
box scale changes), three quantitative metrics are adopted based on the displacement between predicted 
and ground-truth trajectories. Based on established works [21,36,37], our method uses: (1) Bounding Box 
Mean Square Error (MSE) of the top-left and bottom-right coordinates; (2) Center Mean Square Error 
(CMSE) of the bounding box; (3) Center Final Mean Square Error (CFMSE) of the center point coordinates 
of the bounding box, as follows: 

 (23) 

 
(24) 

 
(25) 

where Y
^

t and Yt represent the ground-truth and predicted bounding boxes at time step t, c
^

t and ct represent 
the corresponding ground-truth and predicted center coordinates. 

4.3. Implementation Details 

The model is trained on a single RTX 3060 GPU, using the Adam optimizer with an initial learning 
rate of 0.001, and the learning rate is adjusted based on the validation set loss with a decay factor of 0.2. 
The dimension of the hidden layer is set to dh = 256, and the dimension of the input embedding is set to d0 = 
128. The number of layers in the Transformer encoder is N = 3. The feature dimensions of pedestrian 
trajectory and pedestrian motion are Nx = 4 and Np = 1, respectively. The feature dimension of ego-vehicle 
motion differs between the JAAD and PIE datasets: 1 and 2, respectively. In addition, the number of heads in 
the attention mechanism is set to h = 8, and the performance is evaluated based on the modality with the best 
results (K = 20). The training is carried out for 50 epochs, with a batch size of 128 and a dropout rate of 0.1. 

4.4. Quantitative Analysis 

To verify the overall performance of MUGI-Net (the integrated effect of all core modules), this section 
compares the model with 7 state-of-the-art baseline methods (SGNet (2022) [18], Adsampler (2024) [39], 
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AMTN (2024 b1) [39], OS-TF-S (2024) [40], SGNetPose (2025) [41], ABC+ (2023) [42], and AANet (2025) 
[22]) on JAAD and PIE datasets, with the results shown in Table 2 (bold indicates the best performance). 

On the JAAD dataset (1.5 s medium-long term prediction, MSE_15), MUGI-Net achieves 153, a 5% 
reduction compared with the SOTA method AANet (161), and outperforms all other baselines by a 
significant margin; in CFMSE (343), the model also surpasses AANet (356), verifying that the integrated 
design of group interaction and MoU temporal encoding effectively reduces the long-term prediction error 
accumulation caused by insufficient interaction modeling and temporal dependence capture. 

On the PIE dataset (1.0 s medium-term prediction, MSE_10), MUGI-Net attains the optimal value of 
33 (on par with ENCORE-NR). In MSE_15 (73), CMSE (52), and CFMSE (140), it is significantly superior 
to AANet and most baselines, confirming that the model exhibits stable, excellent performance across 
different datasets. The core modules exhibit strong generalization across FPV scenarios. 

Even in short-term prediction (0.5 s, MSE_05), MUGI-Net (34 on JAAD, 16 on PIE) is only slightly lower 
than the optimal method ENCORE-NR and better than all other baselines, indicating that the model does not 
sacrifice short-term prediction accuracy while optimizing medium and long-term performance, which is the 
direct effect of the MoU structure’s balanced capture of short-term dynamics and long-term dependence. 

Table 2. Experimental results on JAAD and PIE datasets (Bold indicates the best performance). 

 JAAD PIE 
 MSE_05 MSE_10 MSE_15 CMSE CFMSE MSE_05 MSE_10 MSE_15 CMSE CFMSE 

SGNet (2022) 37 86 197 146 443 16 39 88 66 206 
Adsampler (2024) 42 88 175 127 322 16 38 77 54 133 

AMTN (2024) 38 81 179 133 337 17 38 79 55 143 
OS-TF-S (2024) 40 90 184 142 395 18 39 82 62 172 

SGNetPose (2025) 62 146 347 260 872 16 40 103 80 272 
ABC+ (2023) 40 89 189 145 409 16 38 87 65 191 
AANet (2025) 35 74 161 121 356 16 35 78 53 160 

Ours 34 78 153 130 343 16 33 73 52 140 

4.5. Qualitative Analysis 

The qualitative evaluation results of our model on the JAAD and PIE datasets are shown in Figures 6 
and 7. Our method achieves excellent predictive accuracy, especially in scenarios where pedestrians may 
exhibit multiple behavior patterns. As shown in Figures 6 and 7, the model generates future trajectories 
across different urban scenarios and accurately captures diverse motion patterns. In the figures, blue 
represents the observed trajectory, red represents the ground truth trajectory, and green represents the 
predicted trajectory. For example, in the middle subgraph, the model successfully predicts different future 
motions, such as crossing the road or continuing forward. This is the joint effect of the group interaction 
module (capturing social interaction) and the intention anchor decoder (generating multi-modal, reasonable 
trajectories), verifying that the model can generate trajectories that conform to real traffic social norms 
rather than just pursuing numerical error reduction. 
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Figure 6. Qualitative analysis on JAAD dataset. 

 

Figure 7. Qualitative analysis on PIE dataset. 

4.6. Ablation Study 

To verify the design’s effectiveness, a comprehensive ablation experiment is conducted on the group 
interaction and temporal encoding modules (i.e., the first-stage encoder). For the part without group 
interaction, only the historical bounding box is input. For the part without group interaction, the only input 
is the historical bounding box. Tables 3 and 4 show the results obtained from the JAAD and PIE datasets. 
In Table 3, the symbol √ indicates the use of Group Interaction, while the symbol × indicates the absence 
of Group Interaction. 



Drones Auton. Veh. 2026, 3(2), 10012. doi:10.70322/dav.2026.10012 15 of 21 

 

Table 3. Impact of group interaction on pedestrian trajectory prediction (Bold indicates the best performance). 

 JAAD PIE 
 MSE 

CMSE CFMSE 
MSE 

CMSE CFMSE 
Group Interaction 0.5 s 1.0 s 1.5 s 0.5 s 1.0 s 1.5 s 

√ 34 78 153 130 343 16 33 73 52 140 
× 38 83 178 156 367 18 38 79 60 179 

Table 4. Impact of different encoding methods on pedestrian trajectory prediction (Bold indicates the best performance). 

 JAAD PIE 
 MSE 

CMSE CFMSE 
MSE 

CMSE CFMSE 
Temporal Encoding Method 0.5 s 1.0 s 1.5 s 0.5 s 1.0 s 1.5 s 

MoU (Ours) 34 78 153 130 343 16 33 73 52 140 
Transformer 36 79 165 149 382 18 36 79 69 179 

Mamba 38 89 158 131 397 17 38 83 63 185 

4.6.1. Impact of Group Interaction 

The impact of group information on pedestrian trajectory prediction is illustrated in Table 3. After 
adding group information, trajectories are predicted by the model based on distance and direction 
information among pedestrians. Figures 8 and 9 show the prediction results with and without the group 
interaction module for the JAAD and PIE datasets, where blue represents the observed trajectory, red 
represents the ground truth trajectory, green represents the predicted trajectory with the group interaction 
module, and yellow represents the predicted trajectory without it. The superiority of the prediction results 
with the group interaction module over those without it is shown by the figures. Therefore, the relevant 
performance indicators on the JAAD/PIE datasets are significantly improved. 

 

Figure 8. Experimental comparison with and without group interaction module on JAAD dataset. 
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Figure 9. Experimental comparison with and without group interaction module on PIE dataset. 

4.6.2. Impact of Temporal Encoding 

The impact of different temporal encoding methods on pedestrian trajectory prediction performance is 
illustrated in Table 4. Since only long- or short-term dependence is often focused on by Transformer or 
Mamba encoders, a decline in prediction performance is caused by using them separately. Figures 10 and 
11 show the results of different encoding methods in the JAAD and PIE datasets, where blue represents the 
observed trajectory, red represents the ground truth trajectory, green represents the predicted trajectory 
using the MoU encoding method, and yellow represents the predicted trajectory using the Transformer 
encoding method. The fact that superior predictions are yielded by the MoU encoding method compared to 
the Transformer encoding method is shown by the figures. Therefore, the relevant performance indicators 
on the JAAD/PIE datasets are significantly improved. This directly verifies that the MoF (adaptive short-
term feature extraction via sliding window and sub-extractors) and MoA (hierarchical fusion of 
Mamba/Convolution/Self-Attention for global-long term modeling) structure effectively balances the 
capture of short-term dynamic details and long-term temporal dependence, making up for the inherent 
defects of Transformer (weak local detail capture, high computation) and Mamba (easily lost information 
in long-term prediction). 

 

Figure 10. Visualization results of different temporal encoding methods on JAAD dataset. 
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Figure 11. Visualization results of different temporal encoding methods on PIE dataset. 

4.6.3. Impact of the Number of Predicted Trajectories 

The impact of different numbers of predicted trajectories on pedestrian trajectory prediction 
performance is reported in Table 5. Since fewer predicted trajectories limit the model’s ability to explore 
diverse plausible motion patterns and capture the inherent uncertainty of pedestrian behavior, prediction 
performance declines when the number of predicted trajectories is reduced from 20 to 10 or 5. The table 
presents results for different numbers of predicted trajectories in the JAAD and PIE datasets, where 20 
(Ours) denotes our method with 20 predicted trajectories, and 10/5 denotes baseline settings with fewer 
trajectories. The table shows that superior performance (lower MSE/CMSE/CFMSE values across all time 
steps) is achieved with 20 predicted trajectories compared to 10 or 5. Therefore, the relevant performance 
indicators on the JAAD/PIE datasets are significantly improved when using 20 predicted trajectories. This 
directly verifies that a larger number of predicted trajectories effectively enhances the model’s capacity to 
capture multi-modal pedestrian motion patterns and reduce prediction error, making up for the limitations 
of fewer trajectories in exploring the full range of possible future movements and handling uncertainty in 
pedestrian behavior. 

Table 5. Impact of the number of predicted trajectories on pedestrian trajectory prediction (Bold indicates the best performance). 

 JAAD PIE 
 MSE 

CMSE CFMSE 
MSE 

CMSE CFMSE 
Number of Predicted Trajectories 0.5 s 1.0 s 1.5 s 0.5 s 1.0 s 1.5 s 

20 (Ours) 34 78 153 130 343 16 33 73 52 140 
10 51 147 400 354 1051 18 46 114 91 311 
5 83 357 1148 1110 3328 27 88 258 234 873 

5. Conclusions 

This work proposes MUGI-Net, a FPV pedestrian trajectory prediction model that fuses group 
interaction and hybrid temporal encoding, addressing deficiencies in existing methods for group interaction 
modeling and temporal dependence capture. On the JAAD dataset, the model achieves an MSE_15 of 153 
for 1.5 s prediction, a 5% reduction compared with the SOTA AANet (161), and outperforms most baselines 
in CFMSE. On the PIE dataset, it attains an optimal MSE_10 of 33 for 1.0 s prediction and excels in 
MSE_15, CMSE, and CFMSE compared with mainstream methods such as AANet and SGNet. Ablation 
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experiments further confirm that the group interaction module reduces JAAD’s MSE_15 by 14.04% and 
PIE’s by 7.59%, while the MoU temporal structure outperforms single Transformer/Mamba encodings by 
7.27% and 3.16% in JAAD’s MSE_15, respectively. These results directly validate the innovation and 
effectiveness of the proposed group pooling mechanism, MoU hybrid temporal encoding, and intention 
anchor-based iterative refinement: the group interaction module realizes fine-grained modeling of 
pedestrian social relationships for FPV scenarios, the MoU structure balances short-term dynamic and long-
term dependence capture, and the decoder boosts multi-modal prediction stability. MUGI-Net significantly 
improves the medium- and long-term prediction accuracy of FPV pedestrian trajectories, provides an effective 
technical solution for autonomous driving in complex mixed traffic scenarios, and enriches the theoretical 
and methodological framework of FPV-based pedestrian trajectory prediction, with significant research value 
for advancing the practical application of autonomous driving and intelligent transportation systems. 

6. Discussion 

MUGI-Net’s superior performance on the JAAD and PIE datasets verifies that group interaction 
modeling and a MoU-based hybrid temporal encoding are critical for FPV pedestrian trajectory prediction. 
The group interaction module, via dynamic grouping and sparse intra- and inter-group graphs, effectively 
captures pedestrian social interactions and mitigates FPV perspective drift, reducing medium- to long-term 
prediction errors by over 7% across key metrics. The MoU structure balances short-term dynamic capture 
and long-term dependence, outperforming single Transformer/Mamba encodings by avoiding detail loss 
and computational inefficiency. Intention anchor-based IRM enhances the rationality of multi-modal 
prediction, adapting to FPV’s motion randomness. However, the model is limited in severe occlusion 
scenarios and in complex environmental integration, and its inference speed needs to be optimized for real-
time autonomous driving. Future research will focus on multi-sensor fusion, environmental factor modeling, 
and model lightweighting to further improve its practical application value in autonomous driving systems. 
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