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Abstract

Understanding pedestrian behaviors is the foundation of simulation for space planning. However, conventional behavior modeling
methods are insufficient for learning detailed interactions, and deep learning methods often lack interpretability. This study aims
to develop a pedestrian trajectory modeling approach based on discovering causal relationships among pedestrians. The proposed
method consists of two parts: analyzing causal relationships among pedestrians using statistical causal discovery methods and
predicting trajectories using attention-based deep learning methods. The first part employs a semi-parametric method to identify
the causal relationships underlying observed pedestrian behavior and construct a spatial-temporal graph based on these causal
relationships. The second part primarily uses the graph attention network to learn interactions among pedestrians. The experimental
results demonstrate that the proposed method achieves a good balance between prediction accuracy and interpretability, while also
identifying limitations, including at low-density scenes and due to causal model assumptions.

1. Introduction

Understanding pedestrian behavior is essential for planning safe
and comfortable pedestrian spaces. It forms the foundation for
pedestrian simulations (Helbing et al., 2002; Daamen, 2004)
and safety analyses (Papadimitriou et al., 2009). Moreover,
autonomous mobile robots rely on pedestrian behavior mod-
els to interact smoothly with humans (Unhelkar et al., 2015);
autonomous vehicles also require precise predictions of human
movement for safe navigation (Brouwer et al., 2016).

Pedestrian behaviors can be categorized into three hierarch-
ical decision-making levels: strategic, tactical, and opera-
tional levels (Hoogendoorn and Bovy, 2002; Daamen, 2004).
The operational-level behavior models the instantaneous de-
cisions made during walking, thereby shaping pedestrians’ ac-
tual trajectories. Representative conventional approaches in-
clude the social force model (Helbing et al., 2002), discrete
choice model-based approaches (Antonini et al., 2006; Robin
et al., 2009), cellular automaton approaches (Blue and Adler,
1998; Schadschneider, 2002), and potential field approaches
(Karamouzas et al., 2009). Most approaches have emphasized
that pedestrians are affected by others. However, these con-
ventional methods rely on known behavioral patterns, such as
avoiding or following other agents, so they cannot model com-
plex interaction dynamics and have limited expressive power.

Recently, pedestrian trajectory prediction approaches lever-
aging deep learning (DL)-based methods have been widely pro-
posed because they can capture more detailed patterns. Besides,
these approaches predict future trajectories without specifying
a destination. These approaches can be classified into “pooling-
based” and “attention-based” approaches, which consider either
the overall situation of all pedestrians or pairwise interactions
between pedestrians (Minoura et al., 2022). Social LSTM
(Alahi et al., 2016) proposed the first social pooling mechan-
ism that considers pedestrian interactions, achieved more ac-
curate predictions than purely using LSTM (Long Short-Term
Memory) layers, and has significantly advanced research on

DL-based pedestrian trajectory prediction (Gupta et al. (2018);
Sun et al. (2020), etc.). However, the social pooling mechanism
cannot distinguish the effect of different individuals. For more
precise interaction modeling, attention-based approaches are
proposed and often combined with spatial-temporal graphs that
represent pedestrian trajectories (Vemula et al. (2018); Huang et
al. (2019), etc.). The spatial-temporal graph consists of spatial
graphs representing pedestrians’ interactions at each time step
and temporal graphs representing each pedestrian’s trajectory.
The attention mechanism was initially proposed for sequence
data to learn where to pay attention to (Vaswani et al., 2017).
It has operated robustly with LSTM and has been dedicated to
graph data (Veličković et al., 2017).

While DL-based approaches become more accurate in predic-
tion, they lack the ability to interpret how pedestrians behave in
response to others’ movements. The incomprehensibility pre-
cludes their understanding of pedestrian behavior. Interpreta-
tion methods are thus proposed for DL models. For example,
Kothari et al. (2021) has developed an interpretable conven-
tional framework that integrates a discrete choice model-based
approach with a DL model. On the other hand, post hoc meth-
ods, such as the Shapley value, can be used to assess the im-
portance of input factors in black-box models. Although these
methods have been used to conduct interpretations, merely de-
scribing the correlations between inputs and outputs is insuf-
ficient to understand the mechanism of pedestrian behavior.
Thus, this study aims to develop an approach based on the ana-
lysis of causal relationships in pedestrian behaviors. Statistical
causal discovery (CD) methods are adopted to identify variables
as causes and outcomes from observed data.

The objective of this study is to predict future trajectories using
a causal, quantitative understanding of pedestrian interactions.
The proposed approach consists of two parts. The first part used
a semi-parametric CD method to identify causal relationships
among pedestrians. The CD method provides causal interpreta-
tions of behaviors rather than relying on handcrafted features
or correlations. The second part utilized a graph attention-
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based DL model for trajectory prediction under the restriction
of causal relationships. Graph attention networks (GATs) are
efficient in learning and provide visualized quantitative values
of interactions. The balance between accuracy and interpretab-
ility is valued.

2. Related Work

2.1 Deep Learning-based Pedestrian Trajectory Predic-
tion

The first social pooling method, Social LSTM (Alahi et al.,
2016), used a pooling layer to summarize the discretized ped-
estrian locations at each time step and pass these features to
all pedestrians for prediction. The Social GAN (Gupta et al.,
2018) eliminated coordinate discretization and adopted a Gen-
erative Adversarial Network (GAN) structure to model the mul-
timodal nature of possible trajectories. Reciprocal Net (Sun
et al., 2020) extended the social pooling structure to set the
threshold of maximum considered pedestrians. These studies
focused on developing detailed social pooling modules to im-
prove prediction accuracy, but were still limited by the nature of
pooling, which summarizes the effects of different pedestrians
into a single piece of information.

The Social Attention (Vemula et al., 2018) adopted an attention
mechanism that learns interactions between each pair of pedes-
trians and a spatial-temporal graph to represent these relation-
ships, inspired by Structural RNN (Jain et al., 2016). RNNs
(Recursive Neural Networks) on the edges and nodes updated
the features of themselves, and attention modules between the
RNNs learned the importance of pedestrian pairs. However, the
recursive computation in RNNs increased model computational
cost and led to the vanishing gradient problem.

Otherwise, GNNs (Graph Neural Networks) are a more efficient
and effective choice for graphs. Current attention-based mod-
els typically utilize a spatial-temporal graph with GATs (Huang
et al., 2019) or Transformers (Yu et al., 2020) to learn expli-
cit representations for each pair of pedestrians. For example,
Mohamed et al. (2020) and Shi et al. (2021) used graph con-
volutional networks (GCNs), which compute the graph Lapla-
cian in the spectral domain, to learn graph features. Xu et al.
(2018) directly calculated the attention values between the en-
coded motion and location information, and Sadeghian et al.
(2019) also designed the physical attention and social attention
modules without a graph.

2.2 Causal Discovery

Causal discovery (CD) is a category of methods that identi-
fies causal relationships between variables. Unlike correlation,
causation is a directional relationship in which outcomes can-
not affect their causes. A causal relationship can be described
as a causal graph, which is a directed graph with edges repres-
enting causation, or a set of functions that represent causation.
General assumptions include the directed acyclic graph (DAG)
and the non-existence of unobserved confounders.

CD methods can be categorized as parametric, semi-parametric,
and non-parametric. The non-parametric methods, such as the
Fast Causal Inference (FCI) method (Spirtes et al., 2000), can
estimate a causal graph with direction of causes without mak-
ing assumptions about either functions or error variables. The

parametric methods (e.g., Malinsky and Spirtes (2016)), assum-
ing linear functions and Gaussian-distributed errors, can estim-
ate the causal graph (direction) and the causal effect (weight).
However, both methods sometimes lack identifiability, meaning
the causal direction of some edges cannot always be identified.
The semi-parametric CD methods, represented by the LiNGAM
(Linear Non-Gaussian Acyclic Model) (Shimizu et al., 2006)
method, assume linear functions and non-Gaussian error dis-
tributions. The assumption of non-Gaussian distributions en-
sures identifiability by excluding Gaussian distributions, which
remain Gaussian under linear transformations.

The concept of causality is employed in interpreting DL mod-
els. Makansi et al. (2021) introduced a Shapley value-based
approach to interpret various trajectory prediction methods by
analyzing the relationship between input attributes and model
accuracy. However, their concept, which originated from
Granger causality, does not represent strict causality. In a dif-
ferent context, Sani et al. (2023) investigated the characteristics
of input features that influence the outcome of a classification
problem. Nevertheless, this approach provides a post-hoc inter-
pretation of the relationships between inputs and outputs, rather
than offering a direct explanation of the black-box model itself.

3. Method

3.1 Problem Formulation

The pedestrian trajectory problem to be solved in this study is
illustrated in Figure 1. The goal is to predict future traject-
ories from observed pedestrian trajectories over a fixed time
window. To focus on modeling pedestrian interaction, this
study excluded all environmental context from the input. Al-
though some previous works have considered various environ-
mental factors through inputting scene images or videos (e.g.,
Sadeghian et al. (2019); Kosaraju et al. (2019); Shafiee et al.
(2021)), the inputs for this study are only trajectories of mul-
tiple pedestrians in a short period. The inputs are mathem-
atically defined as a set of time series of locations Pobs =
{ptn|n ∈ {1, ..., N}, t ∈ {1, ..., Tobs}}, where N is the total
number of pedestrians indexed by n, and Tobs is the discret-
ized observation time step indexed by t. The location of ped-
estrian n at time step t is denoted by ptn, which lies in the two-
dimensional ground coordinates (xt

n, y
t
n). The expected output

is the predicted trajectories of N pedestrians in a short period
of time, Tobs, defined as ˆPpred = {p̂tn|n ∈ {1, ..., N}, t ∈
{Tobs+1, ..., Tobs+Tpred}} and the corresponding ground truth
of trajectories are defined as Ppred = {ptn|n ∈ {1, ..., N}, t ∈
{Tobs + 1, ..., Tobs + Tpred}}. Thus, the objective of this pre-
diction problem can be summarized as finding a model f that
performs ˆPpred = f(Pobs).

3.2 Proposed Framework

The framework of this study is shown in Figure 2. The proposed
method consists of two parts: (1) analyzing causal relationships
among pedestrians using a CD method and (2) predicting tra-
jectories using attention-based DL methods. In the first part,
the trajectories first undergo a preprocessing step. Then, CD is
performed to identify causal relationships underlying observed
pedestrian behavior, and a spatial-temporal (ST) graph is built
based on these relationships. In the second part, the ST graph
serves as input to the DL model, and the model’s outputs are
predictions of multivariate Gaussian probability distributions
for future trajectories.
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Figure 1. Illustration of pedestrian trajectory prediction with
four pedestrians
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Figure 3. Two preprocessing methods

3.3 Data Preprocessing

The preprocessing step is necessary because of the large vari-
ance caused by varying coordinate settings. Additionally, nor-
malizing the data to a limited range helps prevent gradient ex-
plosion or vanishing problems in DL models. In this study, the
observed data are assumed to be recorded in real-world coordin-
ates in meters, which already falls within a physically possible
scale. Therefore, scaling is not performed, but only parallel
translation and rotation are performed.

Two types of preprocessing are performed in this study, as
shown in Figure 3. The first type (i) is to reset the origin to the
mean value of all observed trajectories Pobs by parallel trans-
formation. This method keeps the actual distances between
pedestrians and is used for analyzing causal relationships. The
second (ii) is to rotate each trajectory and calculate the velocit-
ies at each time step. Previous studies have shown that predict-
ing velocity yields more stable results than predicting locations.
Based on this, to further alleviate the impact of the dominant
direction in the training data, we propose rotating each traject-
ory so that the first movement points to the positive x direction,
i.e., making x1

n ≥ 0 and y1
n = 0. It is used for node features

and predictions for more stable results.

3.4 Causal-based Interaction Analysis

In this step, LiNGAM (Shimizu et al., 2006), a semi-parametric
CD method, is employed to estimate the interactions among
pedestrians. LiNGAM assumes a Linear function model, non-
Gaussian noise distributions, and a directed Acyclic Graph. The
non-Gaussian assumption ensures the identifiability. The fol-
lowing explains the causal model designed for this study and its
limitations due to the assumptions.

The proposed causal model is shown in Eq. (1), and Fig-
ure 4 (left) illustrates an example of the resulting causal graph.
The variables in LiNGAM should all be scalars, so each ped-
estrian is represented by two variables, (un, vn). The causal
model estimates a time-independent causal effect among ped-
estrians observed in the short observation period. Thus, the
locations at each time step are a sample of observations,[
u1 v1 · · · un vn

]T . On the two sides of the equation, the sym-
bol “:=” denotes the causal relationship, meaning only interfer-
ing with the right-hand side affects the left-hand side. ACausal is
the matrix of the parameters of linear functions to be estimated,
which is also the edges of the causal graph. eun and evn are the
noise (error) terms.


u1

v1
...
un

vn

 := ACausal


u1

v1
...
un

vn

+


eu1

ev1
...

eun

evn

 (1)

The linear assumption limits each pedestrian’s movement to a
linear combination of the others who are the causes. The dir-
ected acyclic graph assumption means that no variable can be
both a cause and an effect of another. It does not mean that ped-
estrians cannot be mutually affected, because the two variables
representing the same person can have opposite causal effects.
For example, the relationship between u3, v3, and u2 in Fig-
ure 4 (left) conduct a bidirectional interaction between n = 2
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Figure 4. (Left) Example of a causal graph of four pedestrians
Nine causal relationships are identified among all possible edges.
(Right) Example of the ST graph based on the left. Node n = 1
has an edge to itself because of the causality u1 → v1, and an

edge pointing to n = 2 because v1 → v2 and u1 → u2.

and n = 3. Finally, to solve the ACausal, the number of obser-
vations (i.e., the number of observation time steps) should be
greater than the number of variables, which limits the number
of pedestrians that can be estimated.

3.5 Building Spatial-Temporal Graph

The ST graph, GST , is constructed as a directed graph to repres-
ent the causal relationship of observed pedestrians. Each node
represents a pedestrian n at a given time step t and has two
features of preprocessed coordinates (ut

n, v
t
n). For each ped-

estrian, the edges are set between neighboring time steps. At
each time step, the estimated causal graph determines the set of
edges. Since two variables of a pedestrian are represented by
separate nodes in the causal graph, the merging process is per-
formed, resulting in an ST graph that is illustrated in Figure 4
(right). For any pair of pedestrians n = j and n = i, if there
exists a directed edge pointing from either uj or vj to either ui

or vi in the causal graph, i.e., j is a cause of i, then a directed
edge pointing from node j to i is built in the ST graph. Because
the CD step assumes causal relationships are independent of the
short observation period, the edges between pairs of pedestrians
are the same for all time steps.

3.6 Attention-Based Trajectory Prediction

Based on the ST graph, an attention-based DL model is de-
veloped to predict the future trajectories. The attention-based
method learns explicit interactions between each pair of ped-
estrians. The proposed model adopts the GAT (Veličković et
al., 2017) for learning interaction. The GAT is the simplest
GNN that adopts an attention mechanism. Unlike GCNs, GATs
can handle different weights for directional graphs. GATs also
provide more interpretable weights because of the computation
in the spatial domain, and the learned parameters are more flex-
ible to graph structures. Our model follows the structure pro-
posed in related studies (Mohamed et al. (2020); Qiu and Fuse
(2024), etc.), composed of an interaction (spatial) feature ex-
traction part, a temporal feature extraction part, and a temporal
extrapolation part for generating predictions.

3.6.1 Interaction Feature Extraction: The ST graph is
first passed to the interaction feature extraction module, which

consists of several GATs. Eqs. (2)-(4) defines the computation
of a GAT layer. In these equations, i, j, m index the nodes, h⃗i

denotes the vector of features of node i, which is (ut
i, v

t
i) in the

first layer, and h⃗′
i denotes the updated feature. Eq. (3) defines

the “attention score” αij . It represents the degree to which node
i pays attention to node j; in other words, how much i is af-
fected by j. {E(j → i) = 1} denotes the set of nodes j that
have a directed edge to node i, which means only causes of
node i are accounted for their attention. The learnable paramet-
ers are W , WGAT, and a⃗. Through W , the feature dimension
is adjusted to consider variant features and adapt to the output.
σ are nonlinear activation functions.

h⃗′
i = σ

 ∑
j∈{E(j→i)=1}

αijW h⃗j

 (2)

αij =
exp(eij)∑

m∈{E(m→i)=1} exp (eim)
(3)

eij = σ(⃗aT [WGATh⃗i||WGATh⃗j ]) (4)

3.6.2 Temporal Feature Extraction & Extrapolation:
Both of the steps are composed of CNN (Convolutional Neural
Network) layers and nonlinear activation layers. Because the
nodes are unordered, GNNs are not suitable for use, despite the
temporal edges also being built. Otherwise, the time series of
each pedestrian is seen as a sequence and learn by a pointwise
CNN with a kernel size of three in the time dimension and one
in the other dimensions.

3.6.3 Predicted Distribution & Loss function: Following
the assumption by Bishop (1994) that the output of DL model
is a Gaussian Mixture model, the output of our model are the
five parameters of the two-dimensional Gaussian distribution
of the future velocity in the 2D plane. In accordance with the
assumption, the loss function is the probability of ground truth
given the predicted probability distribution.

3.6.4 Sampling & Post-processing: Multiple possible tra-
jectories are thus sampled from the output distribution and ac-
cumulated from velocity to trajectories.

4. Experiments& Discussion

4.1 Dataset and Implementation Details

The ETH (Pellegrini et al., 2009) and UCY (Lerner et al., 2007)
datasets are used to evaluate this study. The dataset has served
as a benchmark in numerous prior studies, enabling compre-
hensive comparisons with related work. The dataset primarily
consists of pedestrians, with very few other agents or obstacles,
such as bicycles or vehicles, making it suitable for studying in-
teractions among pedestrians only. The dataset used for our
experiments is obtained from Gupta (2018). The observation
period Tobs is set as 23 frames (9.2s), and the prediction period
Tpred is 12 frames (4.8s). The commonly used Tobs is 8 frames,
so we re-implemented the methods of related studies to com-
pare. The number of prediction samples, K, is 20, as is com-
monly used.

The models were trained with the stochastic gradient descent
(SGD) optimizer, with a learning rate of 0.001 and a decay of
0.2 every 150 steps. The models with the lowest validation loss
over 250 epochs were selected for testing.
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4.2 Causal-Based Interaction Analysis

Figure 5(a) shows an example of nine pedestrians. The causal
graph estimated by the CD step is shown in Figure 5(b), and
Figure 5(c) shows the merged ST graph, corresponding to the
left and right figures of Figure 4. Although there are no ground
truths for causal relationships, interpreting and rationalizing the
causal graph still gives us some insights into pedestrian beha-
vior. It can be observed that interactions are not always present
between all pairs of pedestrians. Most pedestrians are affected
by nearby pedestrians but have no relationship with distant ped-
estrians. From this example, pedestrian n = 6 is neither a cause
nor an outcome of n = 4 and 8, which is rational because the
distances between them are always far. Additionally, n = 6
affects n = 1; this may be because n = 1 appears to proceed
slowly to avoid conflict with n = 6, whereas n = 6 does not
alter its approach because of n = 1. Although n = 6 was far
from n = 9, they have a bidirectional effect, which might be
because they are approaching each other. Additionally, some
pedestrians, such as n = 1, usually have a one-way influence
on the others; from the trajectory, n = 1 was almost static, and
its location is likely to affect others. However, some causal re-
lationships are difficult to explain, such as those between n = 1
and 4. Finally, even though the causal graph is restricted to
a DAG, the ST graph still contains several bidirectional edges
between pedestrians. Additional examples are shown in Fig-
ure 6 and discussed alongside the prediction.

4.3 Attention-Based Trajectory Prediction

4.3.1 Accuracy Evaluation Metrics: minADE20 (Eq. (5))
and minFDE20 (Eq. (6)) defined by Alahi et al. (2016) are ad-
opted for quantitatively evaluating the prediction results. Con-
sidering multiple possible future trajectories, these metrics ac-
count only for the minimum error among them. The aver-
age displacement error (ADE) is defined as the average error
between the ground truth and predicted trajectories over all time
steps, whereas the final displacement error (FDE) considers
only the locations at the final time step. The symbol “|| • ||2” is
defined as the Euclidean distance. K is the number of samples,
usually set as 20, and indexed by k.

minADEK(
ˆ

pt,kn , pt,kn )

= min
k∈{1,...,K}

N∑
n=1

Tobs+Tpred∑
t=Tobs+1

|| ˆ
pt,kn − pt,kn ||2

N × Tpred
(5)

minFDEK(
ˆ

pt,kn , pt,kn ) = min
k∈{1,...,K}

N∑
n=1

|| ˆ
pt,kn − pt,kn ||2

N
,

t = (Tobs + Tpred) (6)

4.3.2 Quantitative Prediction Results: The quantitative
results of predicted trajectories are shown in Table 1. The first
row shows the proposed model. Two related studies in the
second and third rows have similar model structures but are less
interpretable. The model (a) used a complete graph, in which
bidirectional edges are assumed to exist between all pairs of
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used for CD.
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(c) ST graph merged from 5(b)

Figure 5. Example containing nine pedestrians, from UNIV set

pedestrians. The model (b) adopted GCN and CNN for interac-
tion modeling, which cannot distinguish interaction directions
and may learn nonexistent relationships among neighbors from
the training data. Although high-interpretability models usually
result in lower accuracy, our prediction error is competitive with
those of related studies. In the following two cases, our causal
model is found to be ineffective when there are few pedestrians
or many static pedestrians. First, our model performed worse
than (b) on the ETH set, which has low pedestrian density. Un-
der the DAG assumption and a few variables, the estimated
causal edges must be sparse, even though the few pedestrians
may have very close interactions. Second, our model performed
the worst on the ZARA1 set, which contains many static pedes-
trians. When most variables representing movements have very
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Table 1. minADE20 and minFDE20 results

Model minADE20 (unit: m) minFDE20 (unit: m)
ETH HOTEL UNIV ZARA1 ZARA2 AVG ETH HOTEL UNIV ZARA1 ZARA2 AVG

Ours 0.375 0.151 0.540 0.613 0.268 0.389 0.586 0.143 1.055 1.091 0.387 0.652
(a) Qiu and Fuse (2024) 0.488 0.161 0.520 0.455 0.257 0.376 0.741 0.165 0.957 0.820 0.359 0.608
(b) Mohamed et al. (2020) 0.260 0.317 0.701 0.547 0.497 0.465 0.214 0.348 1.092 0.833 0.522 0.602
(c) E = {D < 1 m} 0.754 0.143 0.578 0.520 0.333 0.465 1.172 0.150 1.063 0.922 0.534 0.768
(d) E = {D < 2 m} 0.764 0.139 0.561 0.449 0.281 0.439 1.240 0.144 1.034 0.777 0.440 0.727
(e) E = {D < 5 m} 0.382 0.138 0.638 0.448 0.252 0.371 0.522 0.135 1.131 0.764 0.374 0.585

Figure 6. Results of CD and Trajectory Prediction: The first column visualizes the estimated and merged ST graphs; the second and

third columns are the prediction results and a subset of examples of the attention scores from our proposed CD-based approach; the

last two columns are those from a non-causal ablation study. The ST graph of the first row is same as Figure 5(c)
.

small magnitudes, the causal discovery method may estimate
unstable edges. Namely, past movements provide insufficient
clues about the causal relationships.

4.3.3 Ablation study: The model (a) can be considered as
the non-causal version of our proposed approach because all the
edges exist. The models (c)–(e) consider the existence of the
edges depending on the current physical distance rather than
past movements; only pedestrians within a threshold of specific
distances are assumed to interact with each other. The accuracy

of (c)–(e) is seldom better than ours or (a). Moreover, it is chal-
lenging to determine a threshold across different scenes, and
the distance threshold cannot account for unidirectional inter-
action. Thus, this comparison supports that determining edges
based on causality is better than using a fixed threshold.

4.4 Visualization & Discussion

In Figure 6, the first column shows the estimated and merged
ST graphs, and the following two pairs of columns are the res-
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ults and attention scores of our proposed method ([Causal]) and
the model (a)([Non-Causal]). Each row shows a piece of data,
which can also be considered as a graph GST .

Regarding the prediction results, the multiple predictions for
the causal ones were more concentrated than those for the non-
causal ones. This implied that the causal results were more con-
fident, with smaller variances. However, the second row shows
that making predictions in the wrong direction can lead to lar-
ger errors in minADE20 and minFDE20. Conversely, these
error metrics have the limitation that they can be small when
the variances are large, implying large uncertainty. The finding
is also supported by other studies (Ivanovic and Pavone, 2019;
Mohamed et al., 2022).

Regarding the effect of the ST graphs on the results, the first row
shows a promising outcome, indicating that edge pruning can
lead to better results, especially in complex situations. Com-
paring the attention scores of the causal ones to the non-causal
ones reveals that learning GAT with a complete graph tends to
result in the same scores for all nodes, which is related to the
over-smoothing problem of many GNN methods (Chen et al.,
2020). Although designing more complex models, such as us-
ing Graphormer (Ying et al., 2021), can overcome this problem,
they again sacrifice interpretability.

Unfavorable results of the causal-based ST graph are also iden-
tified. The second row shows that cutting too many edges would
result in insufficient attention. In this case, the orange pedes-
trian (n = 2) is probably affected by the other two pedestri-
ans, whereas the causal-based attention is only on itself and the
green one (n = 3). Due to the small number of pedestrians
and the DAG assumption, the weakness of edge insufficiency is
identified from both the quantitative and the visualization res-
ults. Nonetheless, the DAG assumption is difficult to relax be-
cause the identifiability of causal models relies on the DAG. If
the edges can form a loop, it is hard to tell which is the actual
cause. Also, the example of the last two rows presents the in-
stability of CD. Although the situations in the last two rows are
very similar, different causal graphs are estimated and result in
very different attention scores of the green (n = 3) pedestrian.
It reflects the difficulty of balancing the need for more obser-
vations to achieve stable CD results with the desire to shorten
the observation period to provide more real-time suggestions.
Besides, a small amount of movement also causes instability in
the CD results, as discussed in the quantitative results section.

Some limitations not shown in the figures are also identified.
First, excluding the environmental factors enables this study to
focus on pedestrian interactions, but some actions of people
heading to a garbage can or avoiding a tree cannot be pre-
dicted. Our related work (Qiu and Hato, 2025) discusses mod-
eling environmental factors by considering object-level interac-
tions between them and pedestrians. Second, the combination
of the linear causal relationship from LiNGAM and the static
CD model design cannot capture changes in causal relation-
ships over time. Although most relationships between pedestri-
ans remain unchanged within the short observation window (9.2
seconds in our experiments), some changes in relationships are
observed after pedestrians pass each other and disappear from
each other’s field of view. This may be improved by adopting
nonlinear CD methods and designing a dynamic CD model, but
the number of observations should increase accordingly.

5. Conclusions

In this study, we developed a pedestrian behavior modeling
method that strikes a good balance between relatively high pre-
diction accuracy and interpretability by integrating both CD and
attention-based DL methods. The CD step allowed causal inter-
pretations, which are stronger interpretations than correlations.
Also, visualizing the causal-based ST graphs and the explicitly
learned attention scores improved our understanding of how the
model manipulates interactions. From the experiments, we ex-
plored the characteristics of CD and prediction results and ob-
served potential issues. Future work includes finding a better
balance between the number of pedestrians and the number of
observations to provide stable CD results and sufficient edges,
considering nonlinear and dynamic causal relationships among
pedestrians, and considering environmental factors. Finally, the
quantitatively estimated interactions are expected to benefit the
simulation of pedestrians and autonomous agents.
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