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Abstract—Pedestrian trajectory prediction is an important
research area with significant applications in autonomous driv-
ing and intelligent surveillance. However, existing studies on
pedestrian trajectory prediction often suffer from a noticeable
discrepancy between predicted and actual trajectories, due to
incomplete extraction of pedestrian trajectory features and the
randomness of the pedestrian walking process. The key objective
of this paper is to address this issue by proposing a method that
can reasonably simulate the randomness of pedestrian walking
and comprehensively extract pedestrian trajectory features. To
achieve this, a novel social informer model built upon the
informer model is proposed in this paper. The social informer
utilizes a transformer encoder-based interaction module to com-
prehensively extract pedestrian trajectory features, which are
input into the informer model for further processing. Addition-
ally, an adaptive variance mechanism is proposed to determine
the optimal variance and accurately simulate the random nature
of pedestrian walking. Finally, the proposed model is evaluated
in a comparative experiment on ETH and UCY datasets, with
results demonstrating that the proposed model outperforms other
models, exhibiting improved accuracy and performance.

Index Terms—Trajectory prediction, adaptive variance mech-
anism, informer model, variety loss

I. INTRODUCTION

The paper “125 Questions: Exploration and Discovery”
published in Science in 2021, poses a challenging question
about the feasibility of relying solely on self-driving cars in the
future [41]. Nowadays, the field of self-driving technology [79]
has gained significant attention [56], [61], [81], [82] and re-
search focus [29], [51], [54], [77]. Predicting pedestrian trajec-
tories is crucial in ensuring safe and reliable vehicle movement
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by enabling effective planning to prevent accidents [15], [17],
[78]. Therefore, pedestrian trajectory prediction has become
an essential task in the realm of self-driving technology [30],
[36], [58], [65]. Existing methods for pedestrian trajectory
forecasting can be broadly classified into three categories: (1)
physical model-based methods, (2) classical machine learning-
based methods, and (3) deep learning-based methods.

In physical model-based methods, pedestrian trajectory is
predicted by modeling the intuitive characteristics of pedes-
trians (such as velocity, acceleration, and displacement) and
generalizing past states to forecast future trajectories based on
different physical models [35], [46], [58]. Classical machine
learning-based methods for pedestrian trajectory prediction
shift the focus from model-driven approaches to data-driven
ones. Numerous algorithms have been widely utilized in this
category [13], [59], [63], such as support vector machine
(SVM), the Gaussian process (GP), dynamic Bayesian network
(DBN), hidden Markov model (HMM), k-nearest neighbors
(KNN), and decision tree [9], [18], [30], [36]. Deep learning-
based methods for pedestrian trajectory prediction treat the
problem as a sequence generation task, learning valuable
information from past pedestrian trajectories to predict future
ones. Nowadays, recurrent neural network (RNN) [1], gener-
ative adversarial networks (GAN) [14], [34], [38], and graph
convolution neural networks (GCN) [22], [31], [47] are widely
used in trajectory prediction studies.

Physical model-based methods predict pedestrian trajecto-
ries by modeling intuitive properties such as velocity, ac-
celeration, and displacement, using various physical frame-
works [35], [46], [58]. In contrast, classical machine learning
approaches shift toward data-driven strategies, employing al-
gorithms like support vector machine (SVM), the Gaussian
process (GP), dynamic Bayesian network (DBN), hidden
Markov model (HMM), k-nearest neighbors (KNN), and de-
cision tree [9], [18], [30], [36]. More recently, deep learning
methods formulate trajectory prediction as a sequence gen-
eration task, leveraging historical data through models such
as recurrent neural network (RNN) [1], generative adversarial
networks (GAN) [14], [34], [38], and graph convolution neural
networks (GCN) [22], [31], [47].

Despite impressive progress, pedestrian trajectory prediction
remains challenging due to incomplete tracking information
caused by unknown destinations, random disturbances, or
uncertain intentions. Human motion’s inherently multi-modal
and stochastic nature necessitates modeling diverse factors to
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ensure accurate prediction. With advances in deep learning [2],
[6], [8], [16], [37], [42], multi-modal trajectory prediction has
gained increasing attention [14], [22], [38]. According to a
recent survey [48], existing deep learning-based methods for
multi-modal prediction can be categorized into four types: (1)
GAN-based [22], [34], [38], [66]; (2) VAE-based [27], [28];
(3) reinforcement learning-based [7], [12], [43], [52]; and (4)
transformer-based [20], [26], [50], [67], [72], [75].

Previous research in multi-modal pedestrian trajectory pre-
diction has made significant contributions and successfully
addressed numerous complex challenges [14], [22], [38]. Ac-
cording to the literature research, various efforts have been
made to model the randomness of pedestrian movement in the
absence of pedestrian-related information, such as the intention
and perspective of pedestrians, and the relationship between
pedestrians [10], [68]. While these approaches have resolved
many issues [60], [70], [73], certain limitations persist, high-
lighting two main challenges in multi-modal pedestrian tra-
jectory prediction: (1) how to model the social interactions
of pedestrians effectively; (2) how to rationally model the
randomness of pedestrian trajectories.

CNN has been widely adopted for modeling social inter-
actions in pedestrian trajectory prediction [14], [22], [34],
[38]. While CNNs excel at capturing local spatial features [4],
[5], [40], [45], [53], [57], [76], [79], [80], they struggle with
global spatial dependencies. Prior studies [14], [34] indicate
that incorporating richer spatial information improves predic-
tion accuracy, motivating the development of models with
enhanced spatial modeling capabilities. To address trajectory
uncertainty, many works [14], [22], [34], [38] use probabilistic
sampling, typically assuming a standard Gaussian distribution.
Although such an assumption aligns with common motion
statistics, it limits prediction accuracy. The sampling variance
should adapt to varying data and model conditions in real-
world scenarios to better capture trajectory diversity.

Based on the above motivations, this paper proposes an
improved model called the social informer. The social informer
incorporates an adaptive variance mechanism, by representing
the randomness of pedestrian trajectories, to determine the
most appropriate variance of datasets and models through
extensive training and comparison. Compared with the con-
ventional informer model, this social informer employs a
transformer encoder in the feature extraction module, enabling
the extraction of both local and global spatial features of
pedestrian relations. To summarize, this paper makes the
following contributions:

1) Social Informer is a novel trajectory prediction frame-
work that combines the long-sequence modeling strength
of informer with a transformer-based interaction en-
coder. Unlike prior models relying on static graphs or
fixed neighborhoods, it learns dynamic social patterns
via self-attention, enabling adaptive modeling of diverse
pedestrian behaviors;

2) We propose an adaptive variance mechanism that dy-
namically adjusts the trajectory sampling spread based
on behavioral consistency, instead of using a fixed Gaus-
sian prior. Our method optimizes the sampling variance
based on downstream behavioral consistency, enabling

the model to regulate the expressiveness of its prediction
space dynamically;

3) This paper adopts a sampling-based multimodal predic-
tion strategy guided by the variety loss, which ensures
that the closest one to the ground truth contributes to the
loss among multiple generated trajectories. In contrast to
standard training, this encourages the model to explore
the multimodal distribution space and reduces mode
averaging.

The rest of this paper is presented as follows. Section II
describes the principle of transformer and informer models.
Section III gives the specific method of the proposed social
informer. Section IV introduces the dataset and experiments
used in this paper, and the experimental results are analyzed in
detail. Finally, conclusions and discussions on relevant future
works are presented in Section V.

II. PRELIMINARY KNOWLEDGE

A. Informer

Fig. 1. Schematic diagram of informer model

The standard transformer model [49] faces challenges in
long sequence time-series forecasting due to its high memory
usage, quadratic complexity, and architectural inefficiencies.
To address these limitations, the Informer model [74] intro-
duces three key innovations: (1) ProbSparse self-attention to
reduce computation cost; (2) a distillation mechanism to com-
press sequence representations; and (3) a generative decoder
to produce predictions in one step.

Unlike transformer variants such as the multi-granularity
scenarios understanding network [64], which rely on separate
attention modules for scene and interaction modeling, Informer
captures spatiotemporal dependencies through a unified ar-
chitecture. This design avoids handcrafted attention fusion
and enhances generalization while maintaining a lightweight
structure. As shown in the schematic diagram in Figure 1, the
informer model follows the encoder-decoder architecture, re-
placing canonical self-attention with ProbSparse self-attention:

A(Q,K,V) = Softmax

(
QK⊤
√
d

)
V (1)

where Q stands for the query vector, K for the key vector, V
for the value vector, Q represents the sparse matrix derived

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.
Citation information: DOI: 10.1109/TCYB.2025.3613498, IEEE Transactions on Cybernetics

Copyright © 2025 Institute of Electrical and Electronics Engineers (IEEE). Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future 
media, including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted 
component of this work in other works ( https://journals.ieeeauthorcenter.ieee.org/become-an-ieee-journal-author/publishing-ethics/guidelines-and-policies/post-publication-policies/ ).



3

Input

Embedding

Layer

Embedding

Layer

Time 

Domain 

Information

Spatial

Information

Multi-Head

Attention

Add & Norm

Add & Norm

Feed

Forward

S
o

cial In
teractio

n
 M

o
d

u
le

feature fusion

Fully 

Connected 

Layer

Fully 
Connected 

Layer

Output

Informer Module

Fully Connected Layer

Multi-Head 

Attention

Masked
Multi-Head
ProbSparse

Self-Attention

Decoder

Concatenated 

Feature Map

Encoder

Masked
Multi-Head
ProbSparse

Self-Attention

Masked
Multi-Head
ProbSparse

Self-Attention

Inputs: � !

Adaptive Variance Mechanism

t

"#$%

"&'

x

t

"#$%

adaptive

"&'

x

t

"#$%

adaptive

"&'

x

t

"#$%

"&'

x

t

"#$%

"&'

x

Variety Loss and Gaussian Distribution

generated trajectorytrue trajectory sampling range

generated trajectorytrue trajectory

sampling range predicted trajectory (training stage)

Sampling Selecting output

Fig. 2. The social informer model network diagram

from the sparsity measure, and d is the dimension of the K-
vector. Additionally, Q consists of the first n query terms
selected based on the sparsity measure M(q,K):

M (qi,K) = ln

LK∑
j=1

e
qik

⊤
j√
d − 1

LK

LK∑
j=1

qik
⊤
j√
d

(2)

where qi represents the i-th row of the Q vector, and kj

represents the j-th column of the K vector.

B. Problem description
This paper formulates pedestrian trajectory prediction as

a sequence-to-sequence generative task. Given a historical
trajectory X = x1, x2, . . . , xT , where xT encodes position
and velocity at time T , the goal is to predict future trajectories
Y = y1, y2, . . . , yT . We model the output as a probability
distribution to bridge the inherent gap between predicted and
actual trajectories. Prior studies have shown that appropriate
probabilistic modeling enhances realism and prediction accu-
racy [14], [22]. The trajectory prediction task can thus be
formulated as a probabilistic sequence generation problem, as
shown in (3):

Xactual(t) = X̂(t) + ϵ(t)− p(t) (3)

where Xactual(t) denotes the actual position of the pedestrian
at time t, X̂(t) denotes the model-predicted location of the
pedestrian at time t, ϵ(t) denotes disturbance factors, and
p(t) denotes the probability distribution. Therefore, it can
be inferred that accurate pedestrian trajectory prediction can
be achieved when the difference between the probability
distribution p(t) and the disturbance factor ϵ(t) is closest to
the difference between Xactual (t) and X̂(t).

III. SOCIAL INFORMER

This section comprehensively explains the social informer
model, illustrated in Figure 2. Building upon the informer
model, the social informer encompasses three essential com-
ponents, explained in the following subsections: (1) social
interaction module; (2) our loss; and (3) adaptive variance
mechanism.

A. Social interaction module

The social interaction module aims to capture not only
spatiotemporal dependencies among pedestrians but also la-
tent social cues such as interpersonal distance, movement
synchronization, and implicit group dynamics—factors that
often extend beyond mere positional proximity. Studies have
shown that a pedestrian’s perceptual range varies across in-
dividuals [3], [23], [24], influenced by a combination of
physiological, psychological, and environmental factors. Phys-
iologically, age and health conditions affect perception, with
children, the elderly, and those experiencing fatigue exhibiting
reduced awareness. Psychologically, attention, emotional state,
and personality traits also shape perception—for example,
anxiety narrows while extroversion broadens perceptual range.
Environmental factors like lighting, weather, and spatial fa-
miliarity further modulate these effects. These complexities
underscore the importance of incorporating heterogeneous
perceptual modeling. This process is shown in (4):

Pr = f (α · Fphy, β · Fpsy, γ · Fenv) (4)

where Pr represents the perceived range of pedestrians, Fphy ,
Fpsy , and Fenv represent the influence of physiological, psy-
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chological, and environmental factors, respectively, and α, β, γ
are the weighting coefficients. The process is shown explicitly
in Figure 3.

perceived range of different pedestrians

extroverted personality

geriatrics weather

states of distraction

Fig. 3. Differences in the perceived range of different pedestrians

Traditional pedestrian interaction models often rely on fixed
prior assumptions: the social force model assumes uniform
psychological factors (Fphy) [11], CNN-based models pre-
sume shared physical characteristics (Fpsy), and GCN-based
methods assume identical environmental influences (Fenv).
In contrast, our Transformer-based interaction module avoids
such hard-coded priors by learning social dynamics in a data-
driven manner. Through self-attention, each pedestrian can
attend to all others within the observation window, with inter-
action weights learned adaptively from data. This flexibility
enables the model to capture complex and emergent social
behaviors without explicit rules, as Figure 4 illustrates.

The transformer encoder serves as the interaction module in
the proposed Social informer and is responsible for extracting
spatiotemporal features from pedestrian trajectories. Figure 4
comprises three core components: multi-head attention, add
& norm, and feed-forward layers. In the multi-head attention
module, Q, K, and V denote the Query, Key, and Value
matrices, respectively; “linear” refers to the learned projections
applied to them; and h indicates the number of parallel scaled
dot-product attention heads, as shown in (5):

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
· V (5)

where dk is the number of columns of matrices Q and K. This
method allows each pedestrian to adaptively focus on others
in the scene, regardless of physical proximity or predefined
interaction graphs. Compared with CNN-based models that
rely on local convolutional windows and GCN-based methods
that require fixed neighborhood connections, the transformer
encoder enables a fully data-driven modeling of social influ-
ence, automatically learning which agents are socially relevant
in each situation.

Although the model does not explicitly encode behavioral
factors, the learned attention weights implicitly capture latent

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Input

Output

Scaled Dot-
Producted
Attention

h

Linear

Linear

Linear

ContactLinearOutput

psychological 
factors

physical 
factors

environmental 
influences

Fig. 4. Schematic diagram of transformer encoder

social cues underlying pedestrian dynamics. These include: (1)
physiological factors (e.g., walking speed or gait), as attention
often focuses on agents with abrupt or conflicting motion; (2)
psychological states (e.g., hesitation or uncertainty), reflected
in temporal irregularities; and (3) environmental conditions
(e.g., distance and crowd density), which influence spatial
attention patterns. This formulation enables the model to
represent diverse social behaviors without relying on hand-
crafted priors or static interaction rules.

B. Uncertainty-Aware Variety Loss for Multi-modal Prediction

Various factors in pedestrian walking may lead to multiple
plausible future trajectories. Traditional prediction methods
often apply the L2 loss to minimize the distance between
predicted and actual trajectories, as shown in (6):

L2 =

tobs+tpre∑
i=tobs

(
Yi − Ŷi

)2

(6)

where Yi and Ŷi denote the ground truth and prediction,
respectively.

However, the L2 loss tends to produce average trajectories
(see Figure 5(a)), failing to reflect the pedestrian motion’s
inherent randomness. To address this, we adopt a variety loss
based on (6), as shown in (7):

Lvariety = min
k

∣∣∣Yi − Ŷ k
i

∣∣∣
2

(7)

which encourages generating diverse trajectory samples and
selecting the closest one for loss computation. Where k
represents the number of generated samples, the variety loss
function encourages the model to explore multiple potential
trajectories rather than relying on a single averaged prediction,
as shown in Figure 5(b). However, it is crucial to note
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that variety loss does not directly generate these trajectories.
Instead, it operates with a sampling mechanism to generate a
diverse set of candidate trajectories.

The proposed variety loss follows the widely adopted best-
of-k formulation. k future trajectory samples are generated,
and the one closest to the ground truth is selected to compute
the training loss. While similar in structure, our method differs
because the k hypotheses are not sampled from a fixed
Gaussian distribution. Instead, the sampling distribution is
adaptively shaped to reflect task-specific uncertainty, enabling
the model to explore the trajectory hypothesis space under
varying probabilistic spreads, as shown in Figure 5(c). This
method allows the model to more effectively capture di-
verse futures while maintaining precision across heterogeneous
scene contexts. The methods above are shown explicitly in
Figure 5.

C. Adaptive variance mechanism

In multi-modal trajectory prediction, it is essential to con-
struct a suitable sampling distribution to generate diverse
future trajectories beyond using the variety loss. While prior
works often adopt a fixed standard Gaussian distribution, this
paper argues that prediction accuracy can reflect proximity
to the ground truth: higher accuracy implies greater similarity,
and vice versa. Relying on a static Gaussian variance may thus
be suboptimal—particularly in dynamic datasets with evolving
patterns. To address this, we propose an adaptive formulation
(8) that explicitly links variance to predictive performance:

p (xt+1 | xt) =
1√
2πσ2

exp

(
− (xt+1 − f(xt))

2

2σ2

)
(8)

where xt+1 represents the predicted value at time t + 1,
f (xt) represents the output of the prediction model, and σ2

represents the predicted variance. It is evident from (8) that:
1) When the variance is small (σ2 → 0), the probability

density function exhibits a spike, indicating that the
generated trajectory closely aligns with the output of
the prediction model;

2) When the variance is significant (σ2 → ∞), the
probability density function becomes broad, covering a
wide range of possible values, and suggesting that the

generated trajectories are more dispersed than those with
small variance.

The primary objective of the adaptive variance mechanism is
to determine the optimal variance for superior performance in
prediction tasks. The adaptive variance mechanism optimizes
model parameters and prediction results by training under
different initial variance values and subsequently integrating
the results to identify the optimal variance value for the
current task. The adaptive variance mechanism process is
shown explicitly in Figure 6. The following paragraphs provide
a detailed description of the algorithmic process of the adaptive
variance mechanism.
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Input
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𝑀
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Fig. 6. The adaptive variance mechanism flowchart

1) Selecting initial variance values: choose n distinct initial
variance values from the interval [a,b], represented
by σ = {σ1, σ2, · · · , σn}, where a ≤ σi ≤ b for
i = 1, 2, · · · , n;

2) Training models with different variance values: train
the model for K epochs with different initial variance
values. For each epoch, initialize the model parameters
using current variance value σi, and perform iterative
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updates on the entire training set. During training, record
the performance metrics ADE (average displacement
error) and FDE (final displacement error) for the vali-
dation set at each epoch using (9) and (10) respectively:

ADE =

∑U
i=1

∑tpred
t−tobs +1

∥∥∥Y t
i − Ŷ t

i

∥∥∥
2

U ∗ (tpred − tobs − 1)
(9)

FDE =

∑
Ui=1∥Y t

i pred − Ŷ t
i pred ∥2

U
(10)

where Yi and Ŷi represent actual and predicted positions
of pedestrian i at time t, and U denotes the total number
of pedestrians.

3) Computing optimal variance value: based on the results
obtained from training with n different variance values,
compute the optimal variance value σbest. First, compute
the average ADE and FDE for each variance value:

ADE (σi) =
1

K

K∑
k=1

ADE (σi)k (11)

FDE (σi) =
1

K

K∑
k=1

FDE (σi)k (12)

where ADE (σi)k and FDE (σi)k represent the vali-
dation set ADE and FDE obtained during the k-th
epoch using variance value σi. Subsequently, the optimal
variance value can be determined by identifying the
value that minimizes the weighted average of the ADE
and FDE metrics:

σbest = argmin
σi

(
αADE (σi) + βFDE (σi)

)
(13)

where α and β are weight parameters satisfying α, β ≥ 0
and α+ β = 1;

4) Training with optimal variance value: train the model
using the optimal variance value σbest until convergence.
Finally, the trained model can be applied to the test set
to evaluate its performance in the prediction task.

The adaptive variance mechanism dynamically adjusts sam-
pling variance during training to improve trajectory-level con-
sistency and forecasting performance across varying scene
contexts. Task-specific configurations, such as the initial
variance search space and training schedule, can modulate
behavior. A detailed procedural description is provided in
Algorithm 1.

IV. EXPERIMENTS AND ANALYSIS

This section evaluates the performance of the proposed
method through experiments conducted on three datasets,
ETH [33], UCY [25], and self-made datasets. A 5-fold cross-
validation methodology was employed to validate the model’s
efficacy. Additionally, this paper compares the performance
of the proposed method against several other deep learning
techniques.

Algorithm 1: Adaptive variance mechanism
Input: Training and validation sets Dtrain and Dval, initial

variance range [a, b], number of variance values n,
training epochs K, and weight parameters α and β

Output: Optimal variance value σopt and model M
1: Initialize vector σ = [σ1, σ2, . . . , σn] where each σi is

uniformly selected from the range [a, b]
2: Initialize ADE matrix A and FDE matrix F
3: for i = 1 to n do
4: for k = 1 to K do
5: Initialize model parameters with variance value σi

6: Train the model on the training set Dtrain
7: Compute ADE and FDE on the validation set Dval
8: Store ADE and FDE in matrices A and F,

respectively: A[i, k] = computed ADE,
F [i, k] = computed FDE by (11)-(12)

9: end for
10: end for
11: Compute optimal σopt by minimizing the weighted loss

function using computed ADE and FDE values by (13)
12: Train model M using optimal variance value σopt

A. Experimental setup and dataset introduction

The experiments presented in this paper were conducted on
a hardware environment consisting of an i7-11800H processor,
an NVIDIA GeForce RTX 3080 graphics card, and Windows
11 operating system. The software environment employed for
the experiments was Python 3.8. Table I presents the specific
hyperparameter settings employed in the experiments.

TABLE I
HYPERPARAMETER SETTINGS

Hyperparameter Value

Learning rate 0.0015
Epochs 300
Batch size 4
Observation time 3.2s (8 frames)
Prediction time 4.8s (12 frames)
Sequence Length 8s (20 frames)
Sampling number 20
Optimizer Adam

This study employs both public and self-collected datasets.
1) Public datasets: ETH and UCY, comprising five sub-

sets (ETH, HOTEL, UNIV, ZARA01, ZARA02), are
widely used pedestrian trajectory benchmarks. The ETH
dataset includes 5,400 frames of 450 subjects in a busy
square, with trajectories lasting up to 15 seconds and
featuring conversational or stationary behaviors. The
UCY dataset provides top-view pedestrian recordings
in unconstrained public scenes, capturing diverse multi-
person interactions with minimal environmental obstruc-
tions.

2) Self-collected datasets: Covering five real-world scenar-
ios, Street Intersection, Community, Market, Road, and
Piazza. This dataset was recorded over 40 minutes and
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Fig. 7. Experimental results with different variances under different datasets

processed using YOLOv11 and DeepSORT. It includes
individual and interactive pedestrian trajectories across
varied environments, offering complementary realism to
benchmark datasets.

B. Validity test of adaptive variance mechanism

In this section, a preliminary experimental verification is
conducted using five public datasets to examine the correla-
tion between prediction accuracy and sampling variance in
trajectory prediction tasks. The findings of the experiment
are presented in Figure 7, illustrating a significant gap in the
model’s prediction accuracy across different variances. The
results from almost all datasets indicate a clear relationship
between model prediction accuracy and variance.

TABLE II
MATCHED SAMPLES T-TEST RESULTS

Index Mean diff. Std. deviation diff. p-value

ADE -0.0136 0.009477 0.00141
FDE -0.039900 0.034093 0.004914
Weighted metric -0.030037 0.023377 0.002828

As the adaptive variance mechanism relies on sampling,
further tests are required to assess its effectiveness and reduce
chance influences. Both ADE and FDE metrics are combined
into a weighted metric, with weights of 0.375 for ADE and

0.625 for FDE, computed by the entropy weight method as
shown in (14):

H = −
m∑
i=1

fi · ln fi (14)

where fi represents the probability of event occurrence, and H
represents the information entropy associated with that event.

This study employs a matched samples t-test to evaluate
the effectiveness of the adaptive variance mechanism. We
hypothesize that the enhanced model (model A) outperforms
the baseline (model B). Both models are trained for the same
number of total epochs to ensure fairness, as shown in (15):

EBtrain = EAvar + EAtrain (15)

where EBtrain , EAvar , and EAtrain denote the training epochs of
model B, the adaptive variance phase, and the training epochs
of model A, respectively. Both models were trained ten times,
and a matched samples t-test was conducted on the collected
data. Table II reports each metric’s mean differences, standard
deviations, and p-values.

As shown in Table II, model A consistently achieves lower
ADE, FDE, and weighted errors than model B, with smaller
standard deviations and p-values below 0.05. These results
confirm the statistical significance and effectiveness of the
adaptive variance mechanism. Additional experiments were
conducted to assess the trade-off between time and perfor-
mance of the adaptive variance mechanism. With a fixed
number of variance candidates n, training epochs K were
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TABLE III
RELATIONSHIP BETWEEN ADAPTIVE VARIANCE MECHANISM TIME CONSUMPTION AND MODEL PERFORMANCE

The number of K ETH HOTEL UNIV ZARA01 ZARA02 Average Weighted metric

0 epochs 0.37/0.64 0.21/0.47 0.33/0.65 0.24/0.54 0.21/0.48 0.27/0.56 0.45
5 epochs 0.37/0.65 0.20/0.40 0.33/0.66 0.26/0.55 0.20/0.48 0.27/0.56 0.45
10 epochs 0.35/0.62 0.19/0.37 0.31/0.63 0.23/0.52 0.20/0.46 0.26/0.53 0.43
15 epochs 0.34/0.63 0.18/0.33 0.30/0.63 0.25/0.53 0.21/0.45 0.26/0.51 0.42
20 epochs 0.33/0.61 0.17/0.31 0.29/0.62 0.25/0.53 0.21/0.46 0.25/0.51 0.41

TABLE IV
THE COMPARATIVE EXPERIMENTAL RESULTS

Method (ADE/FDE) ETH HOTEL UNIV ZARA1 ZARA2 Average Weighted metric

SGAN [14] 0.87/1.62 0.67/1.37 0.60/1.26 0.34/0.69 0.42/0.84 0.58/1.12 0.92
SoPhie [38] 0.7/1.43 0.76/1.67 0.54/1.24 0.30/0.63 0.38/0.78 0.54/1.15 0.92
Social BiGAT [22] 0.69/1.29 0.49/1.01 0.55/1.32 0.30/0.62 0.36/0.75 0.48/1.00 0.81
Social STGCNN [31] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75 0.63
RSGB [39] 0.80/1.53 0.33/0.64 0.59/1.25 0.40/0.86 0.30/0.65 0.48/0.99 0.80
Informer [74] 0.61/1.21 0.25/0.55 0.38/0.79 0.29/0.65 0.25/0.56 0.36/0.75 0.60
SGCN [44] 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65 0.55
BR-GAN [34] 0.73/1.37 0.55/1.13 0.53/1.07 0.35/0.71 0.35/0.72 0.50/1.00 0.81
SEEM [55] 0.62/1.20 0.61/1.21 0.50/1.04 0.31/0.61 0.36/0.68 0.48/0.95 0.77
IA-LSTM [65] 0.43/0.77 0.50/0.80 0.48/0.73 0.44/0.46 0.36/0.55 0.44/0.66 0.58
TPPO [66] 0.75/1.27 0.36/0.70 0.39/0.74 0.22/0.37 0.23/0.45 0.39/0.71 0.59
Social NSTransformers [21] 0.40/0.71 0.29/0.47 0.39/0.73 0.34/0.62 0.31/0.57 0.35/0.62 0.52
TP-EGTv1 [69] 0.55/0.82 0.18/0.30 0.33/0.60 0.20/0.32 0.21/0.35 0.29/0.48 0.41
Social informer 0.34/0.61 0.17/0.33 0.30/0.63 0.24/0.52 0.21/0.44 0.25/0.51 0.41

varied, excluding the adaptive variance phase from the total
training count, as shown in (16):

Etotal = Evar + Etrain (16)

where Etotal represents the total epochs, and Evar and Etrain
represent the epochs of the adaptive variance mechanism and
the final training, respectively. The final experimental results
are shown in Table III.

Table III investigates how varying the number of train-
ing epochs (K) per variance value in the adaptive variance
mechanism affects model performance. Results show a general
improvement across datasets as K increases: performance is
lowest at K = 0, improves notably at K = 5 and K = 10,
but plateaus by K = 20, suggesting diminishing returns.
The adaptive variance mechanism consistently enhances model
performance under different training schedules.

C. Comparative Experimental Results and Discussion

Table IV presents ADE/FDE results on five standard
datasets. Results are presented in Table IV, with bold for the
best and underlined for the suboptimal results. Social Informer
achieves the best overall performance, with the lowest average
ADE (0.25) and FDE (0.51), and ties for the best weighted
metric (0.41).

Social informer ranks first in ETH, HOTEL, and UNIV, and
remains competitive in ZARA1 and ZARA2. These results
indicate the model’s strong generalization ability across dense
and sparse scenes. Compared to prior methods, our model
consistently reduces displacement errors. The improvements
demonstrate the effectiveness of our attention-based interaction
encoding and diverse trajectory modeling.

D. The ablation experiment results and analysis

Table V illustrates the enhancement in prediction perfor-
mance achieved by including the interaction module, variety
loss, and adaptive variance mechanism. Notably, the com-
bined application of multiple components further improves the
model’s performance. The proposed social informer model,
incorporating all components, achieves the highest prediction
performance. These findings emphasize the significance of in-
teraction, diversity, and adaptive variance in improving model
performance in crowd behavior prediction.

E. Experimental results and analysis of long-distance pedes-
trian trajectory prediction

Further experiments were conducted to validate the social
informer’s effectiveness in long-distance pedestrian trajectory
prediction. With the observation time set at 8 frames, the
prediction time was extended to evaluate performance over
longer durations. To ensure consistency of the experimental
results, the long-distance pedestrian trajectory prediction ex-
periments were conducted on five sub-datasets: ETH, HOTEL,
UNIV, ZARA01, and ZARA02. Table VI shows the specific
experimental results.

The results in Table VI confirm that the social informer
maintains competitive performance as the prediction distance
increases. At 12 frames, the model achieves a strongly
weighted metric of 0.41, demonstrating effective short-term
trajectory prediction. Even at 24 frames, it performs robustly
with a metric of 0.61. While performance degradation is
expected due to long-term prediction uncertainty, it remains
within an acceptable range for long-distance modeling. The
increasing ADE and FDE values across datasets highlight the
growing difficulty of predicting over longer time horizons.
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Fig. 8. The comparative experimental visualization results: blue asterisks represent observed values, blue boxes represent labeled values, and red boxes
represent predicted values.

TABLE V
THE RESULTS OF ABLATION EXPERIMENTS

Method (ADE/FDE) ETH HOTEL UNIV ZARA01 ZARA02 Average Weighted metric

Informer [74] 0.61/1.21 0.25/0.55 0.38/0.79 0.29/0.65 0.25/0.56 0.36/0.75 0.60
Informer+Interaction module 0.39/0.78 0.24/0.53 0.37/0.76 0.27/0.62 0.23/0.52 0.30/0.64 0.51
Informer+Variety loss 0.42/0.76 0.22/0.50 0.36/0.76 0.27/0.55 0.23/0.49 0.30/0.61 0.49
Informer+Adaptive variance mechanism 0.38/0.68 0.22/0.49 0.34/0.70 0.26/0.55 0.23/0.48 0.29/0.58 0.47
Informer+Interaction module+Variety loss 0.37/ 0.64 0.21/0.47 0.33/0.65 0.24/0.54 0.21/0.48 0.27/0.56 0.45
Social informer 0.34/0.61 0.17/0.33 0.30/0.63 0.24/0.52 0.21/0.44 0.25/0.51 0.41

TABLE VI
EXPERIMENTAL RESULTS OF LONG-DISTANCE PEDESTRIAN TRAJECTORY PREDICTION

Prediction distance (ADE/FDE) ETH HOTEL UNIV ZARA01 ZARA02 Average Weighted metric

12 frames 0.34/0.61 0.17/0.33 0.30/0.63 0.24/0.52 0.21/0.44 0.25/0.51 0.41
15 frames 0.38/0.70 0.20/0.39 0.32/0.66 0.25/0.53 0.24/0.51 0.28/0.56 0.46
18 frames 0.39/0.73 0.23/0.46 0.35/0.72 0.26/0.56 0.27/0.60 0.30/0.61 0.49
21 frames 0.41/0.76 0.27/0.52 0.38/0.87 0.27/0.61 0.28/0.68 0.32/0.69 0.55
24 frames 0.44/0.80 0.33/0.59 0.43/0.94 0.31/0.65 0.32/0.77 0.37/0.75 0.61

TABLE VII
EXPERIMENTAL RESULTS OF REAL-WORLD ENVIRONMENTS

Model weight sources (ADE/FDE) Street intersection Community Market Roads Piazza Average Weighted metric

ETH 0.053/0.142 0.043/0.099 0.041/0.090 0.037/0.076 0.060/0.151 0.047/0.112 0.088
HOTEL 0.062/0.181 0.045/0.135 0.047/0.142 0.046/0.149 0.077/0.244 0.055/0.170 0.127
UNIV 0.051/0.159 0.035/0.097 0.041/0.121 0.035/0.094 0.081/0.210 0.049/0.136 0.103
ZARA01 0.180/0.595 0.158/0.479 0.154/0.474 0.154/0.466 0.164/0.489 0.162/0.501 0.374
ZARA02 0.236/0.654 0.190/0.500 0.182/0.488 0.169/0.435 0.153/0.450 0.186/0.505 0.386
Complete training 0.012/0.019 0.010/0.026 0.021/0.059 0.015/0.036 0.031/0.107 0.018/0.049 0.037
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Fig. 9. The social informer model experimental effect: blue asterisks represent observed values, blue boxes represent labeled values, and red boxes represent
predicted values.

Fig. 10. The experimental effect of social informer modeling without backgrounds: blue asterisks represent observed values, the blue boxes are labeled values,
and the red boxes represent predicted values.

Nevertheless, the social informer maintains its ability to cap-
ture social interactions, proving its adaptability in long-range
predictions.

F. Comparison of experimental results with different distribu-
tion assumptions

Table VIII illustrates the comparative performance of the
proposed adaptive variance mechanism against three common
distribution assumptions—uniform, Poisson (λ = 1), and stan-

dard Gaussian. Across all five datasets, the adaptive variance
mechanism achieves the best results in ADE and FDE metrics,
consistent improvements over the standard Gaussian baseline
(e.g., 0.25/0.51 vs. 0.28/0.56 on average). While the standard
Gaussian distribution already performs better than uniform
and Poisson assumptions, its fixed nature limits adaptability
to diverse scenes and pedestrian behaviors. In contrast, the
adaptive variance mechanism dynamically tunes the sampling
distribution, yielding more realistic and diverse predictions.
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Fig. 11. The results of real environment experiment visualization: the blue asterisks represent observed values, the blue boxes are labeled values, and the red
boxes represent predicted values.

Importantly, this gain in prediction accuracy does not incur
additional computational cost—the inference time remains
nearly identical (0.32s), affirming the method’s efficiency and
scalability. These results demonstrate the proposed mecha-
nism’s effectiveness and innovation in accuracy and runtime.

G. Experimental qualitative analysis

In Figure 9, blue asterisks represent observed values, blue
boxes are labeled values, and red boxes show predicted values.
The analysis of Figure 9 and Table IV shows that the social
informer model predicts pedestrian trajectories well when
the trajectories are steady, indicating its ability to capture
underlying patterns. However, accuracy drops significantly
when trajectories change abruptly or when multiple pedes-
trians interact. These challenges arise from the difficulty of
predicting sudden behavioral changes and modeling complex
pedestrian interactions. Despite these limitations, the social
informer outperformed other models regarding similarity to
actual values and precision in predicting future trajectories,
making it suitable for most pedestrian movement prediction
scenarios. Additionally, Figure 10 shows the experimental
results without a background map, where all trajectories cor-
respond to those in Figure 9.

H. Experimental results and analysis of real-world environ-
ments

This paper collects real-world datasets to test the social
informer model’s generalization ability. The experimental ap-
proach involves training the model on public datasets and then

using the trained weights to predict pedestrian trajectories in
real scenarios that the model has not seen during training. The
results of real-world experiments are shown in Table VII.

As shown in Table VII, the results highlight the social
informer model’s excellent generalization ability in pedes-
trian trajectory prediction. After training on public datasets,
the model performed well on self-collected datasets, demon-
strating strong generalization. The complete training model
achieved the lowest error, validating its robustness and poten-
tial for few-shot and zero-shot learning.

Additionally, this paper conducted further visualization ex-
periments to demonstrate the model’s prediction capabilities
in real-world environments. As shown in the Figure 11, the
predicted trajectories align closely with the ground truth,
even in complex settings, further highlighting the model’s
effectiveness in capturing dynamic social interactions and
pedestrian behaviors.

I. Experimental results and analysis of model performance
indicator evaluation

Table IX compares trajectory prediction models regarding
FLOPS, parameters, and inference time. While early models
like Social LSTM [1] are less efficient in handling complex
dynamics, newer ones like STGAT [19] and STGCNN [31]
reduce computational load but compromise on speed. Models
like MemoNet [62], STAR [71], and GE-Trans [32] improve
accuracy at the cost of higher complexity. In contrast, So-
cial Informer achieves a good balance—offering low FLOPS
(984.12 Mb), minimal parameters (0.56 Mb), and fast infer-

TABLE VIII
EXPERIMENTAL RESULTS COMPARING DIFFERENT DISTRIBUTION ASSUMPTIONS

Method (ADE/FDE) ETH HOTEL UNIV ZARA01 ZARA02 Average Inference time

Social informer with the Uniform distribution 0.41/0.74 0.25/0.52 0.39/0.70 0.31/0.60 0.29/0.53 0.33/0.62 0.31s
Social informer with the Poisson distribution (λ=1) 0.39/0.70 0.25/0.49 0.37/0.68 0.28/0.58 0.26/0.49 0.31/0.59 0.33s
Social informer with the standard Gaussian distribution 0.38/0.66 0.22/0.47 0.33/0.64 0.25/0.54 0.23/0.47 0.28/0.56 0.32s
Social informer with the adaptive variance mechanism 0.34/0.61 0.17/0.33 0.30/0.63 0.24/0.52 0.21/0.44 0.25/0.51 0.32s
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TABLE IX
MODELS PERFORMANCE COMPARISON RESULTS

Method FLOPS Model parameters Inference time

Social LSTM [1] 26.50 Mb 0.26 Mb 0.04 s
STGAT [19] 6.47 Mb 0.0047 Mb 0.01 s
STGCNN [31] 0.19 Mb 0.01 Mb 2.05 s
MemoNet [62] 2868.03 Mb 5.18 Mb 3.51 s
STAR [71] 11933.95 Mb 0.80 Mb 0.45 s
GE-Trans [32] 26861.96 Mb 44.15 Mb 0.05 s
Social informer 984.12 Mb 0.56 Mb 0.32 s

ence (0.32s)—making it suitable for real-time deployment in
complex scenes.

V. CONCLUSION

This paper proposes social informer, a novel multi-modal
pedestrian trajectory prediction model that addresses two core
challenges: learning social interactions and modeling behav-
ioral uncertainty. The model dynamically adapts to diverse
data distributions by leveraging an adaptive variance mecha-
nism, enabling accurate and flexible prediction without relying
on predefined interaction priors. Future extensions could in-
tegrate computer vision to enhance interaction modeling, and
the framework holds promise for broader applications such as
robotics, autonomous driving, and surveillance, underscoring
its versatility.
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