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Abstract
Crowd simulation is crucial for urban planning, traffic manage-
ment, public safety, and immersive environments. A fundamen-
tal challenge is capturing adaptive human behaviors that evolve
dynamically with social interactions and task demands. Recently,
physics-informed neural networks (PINNs) seamlessly integrate in-
terpretable physics-based models with flexible data-driven learning,
significantly enhancing simulation realism. However, current PINN-
based methods typically rely on rigid representations of pedestrian
perceptions and static task priorities of motion planning, limiting
their ability to capture real-world social complexities and behav-
ioral adaptability. To this end, we introduce SA-PINN, a novel Self-
Adaptive Physics-Informed Neural Network specifically designed
for modeling adaptive crowd behaviors. SA-PINN features two inno-
vative adaptive modules: a self-adaptive social perception module,
guided by a visual-field physics model to capture context-dependent
social interactions dynamically; and a self-adaptive multi-task PINN
training module, automatically balancing key motion objectives
such as goal-reaching, collision avoidance, and alignment with real
data. By jointly enabling perception-level and task-level adaptations
within a unified physics-informed framework, SA-PINN generates
highly realistic and physically consistent crowd simulations across
diverse environmental contexts. Comprehensive evaluations on
three real-world datasets (Lane, Cross 90, and GC) reveal that SA-
PINN achieves a 29.7% gain in microscopic trajectory accuracy and
enhances macroscopic density similarity by 23.5% compared to the
best-performing baselines.
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1 Introduction
Crowd simulation is a computational modeling technique that sim-
ulates the dynamic behaviors of crowds across various real-world
scenarios, finding extensive applications in urban planning, traffic
management, and game development. Traditional model-driven
crowd simulation approaches [8, 13–15, 23, 24] rely on predefined
physical rules to produce specific crowd behavior patterns. How-
ever, variations in individual perception and motion-planning capa-
bilities significantly influence crowd behaviors in different contexts.
The inherent complexity of heterogeneous crowds presents sub-
stantial challenges for accurately modeling crowd dynamics using
purely model-driven methods, limiting the realism of simulations.
Recent advances in multimedia technology have propelled data-
driven methods [4, 16, 21, 32, 34] to the forefront, where crowd
movement patterns are learned directly from real-world video data.
Such approaches have substantially enhanced simulation realism
but remain vulnerable to inaccuracies due to data scarcity and noise.
Minor noises in the training data may result in unrealistic simu-
lated behaviors, such as pedestrians overlapping with each other
or exhibiting abrupt speed changes.

To overcome these limitations, recent studies have introduced
physics-informed neural networks (PINNs) into crowd simulation [5,
17, 19, 29, 31, 36], integrating classical crowd physical models with
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(a) Regular attention

(b) Adaptive attention

Figure 1: An illustrative example of regular attention vs.
adaptive attention: (a) Regular attention, in which the green-
circled individual distributes attention relatively evenly to
the surrounding environment and maintains the current di-
rection. (b) Adaptive attention, in which the green-circled
individual focuses on available gap space and adjusts direc-
tion accordingly.

advanced neural networks to enhance the reliability and realism
of simulated behaviors. Existing PINN-based crowd simulations
typically replace certain components of physical models with neu-
ral networks, enabling end-to-end training by integrating them
with other physics modules to learn specific behavioral patterns in
crowds. Alternatively, physical rules are incorporated as loss con-
straints during network training, ensuring that the model generates
crowd behaviors consistent with real-world data while adhering to
predefined physical principles. These methods often yield more di-
verse crowd behaviors and mitigate network outputs that could lead
to unrealistic crowd dynamics. However, unlike other fields (e.g.,
fluid dynamics) with well-defined physical laws, crowd systems
exhibit complex interactions shaped by individual differences and
environmental contexts. For current PINN-based crowd simulation
models, physical models of crowd behaviors typically guide the
network in a non-adaptive PINN approach. This means that the
physical model is parameterized based on empirical assumptions
and imposes fixed constraints on the neural network training pro-
cess. Such a non-adaptive PINN approach overlooks the dynamic
evolution of physical priors in different crowd scenarios, which
makes it difficult to reproduce subtle variations in crowd motion
patterns. Therefore, the key to advancing PINN in crowd simulation
is to design self-adaptive physics-informed mechanisms that can
capture the adaptive nature of crowd behaviors.

Based on empirical research on crowd behavior [10, 18, 30], the
adaptive nature of crowd behavior lies mainly in two key aspects:
social perception and motion planning. First, pedestrians adap-
tively perceive their social surroundings. As depicted in Fig. 1 (a),
an individual usually distributes her or his attention evenly within
orderly crowds. In other circumstances (see Fig. 1 (b) for instance),
the individual may preferentially focus on a certain area (e.g., nav-
igable gap) of the environment when the social context changes
(e.g., encountering opposing crowds). Second, pedestrians make
adaptive decisions regarding their motion planning tasks, such as
collision avoidance and destination pursuit. For example, pedestri-
ans far from their destination predominantly focus on neighboring

states to avoid collisions, while those nearing their destination pri-
oritize goal-directed actions, thus reducing attention to neighbors.
Although the adaptive nature of crowd behavior is intuitively clear,
explicitly modeling these dynamics remains challenging.

Addressing the aforementioned challenge, we propose a Self-
Adaptive Physics-Informed Neural Network (SA-PINN) architecture
for crowd simulation that incorporates the learning of adaptivity
at both the perception and motion-planning task levels. Inspired
by the underlying visual and attention mechanisms in social per-
ception, we propose a self-adaptive social perception model,
which uses the visual-field physics model to quantify the contexts
of social interaction of pedestrians and learns the patterns of atten-
tion perception at both the social and individual levels, enabling
the adaptivity at the perception level. Moreover, we develop a self-
adaptive multi-task PINN training mechanism, which inte-
grates a multi-task loss function that jointly optimizes physical (i.e.,
goal-reaching and collision avoidance) and data consistency tasks.
By introducing a task balancing network that adaptively adjusts the
loss weights with adversarial training, the model achieves task-level
adaptivity. To validate our approach, we performed experiments
using three real-world pedestrian datasets, each exhibiting distinct
crowd distributions and behaviors. Our model was quantitatively
evaluated against recent PINN-based crowd simulation methods at
both microscopic and macroscopic scales. The main contributions
of our work are summarized as follows:

• We propose a SA-PINN architecture for crowd simulation,
which accounts for the dynamic nature of crowd behavior
in a physics-informed process.

• We design a self-adaptive social perception model to dynam-
ically model pedestrian-specific social attention patterns.

• We introduce a self-adaptive multi-task PINN training mech-
anism that dynamically learns task importance, optimizing
loss weighting during training.

• Comprehensive experiments show an average 29.7% gain
in microscopic trajectory accuracy and 23.5% improvement
in macroscopic density similarity compared with the best-
performed baselines across three real-world crowd motion
datasets, including Lane, Cross 90, and GC.

2 Related Work
As a practical paradigm for integrating domain knowledge with
data-driven machine learning, PINNs have gained tremendous mo-
mentum in a wide range of domains [12]. Beyond traditional appli-
cations in solving partial differential equations (PDEs) [7, 11, 25],
PINNs have demonstrated strong potential in multimedia contexts
such as motion analysis in videos [22], scene interpretation [6], and
human activity recognition [9, 26, 33]. In the field of crowd simu-
lation, PINNs have been applied mainly in two categories: PINNs
for macroscopic crowd simulation and PINNs for microscopic
crowd simulation, respectively.

Macroscopic approaches model dense crowds as continuous
flows and incorporate fluid dynamics to guide the training of neu-
ral networks, enabling the learning of large-scale flow-like motion
patterns. Zhou et al. [36] introduced a hydrodynamics-informed
network that solves the Navier-Stokes equations via neural net-
works to simulate dense crowd motion. Pan et al. [19] proposed a
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Figure 2: Self-adaptive Physics-Informed Neural Network (SA-PINN) architecture for crowd simulation

reduced-order PINN that decomposes high-order pedestrian flow
equations to reduce learning complexity while preserving global
dynamics. Although macroscopic PINN excel at modeling collective
behaviors, they lack the resolution to capture detail, and individual-
level movement, and are often challenging to optimize due to stiff
equations, limiting their applicability in generating fine-grained
crowd motions.

Microscopic approaches focus onmodeling a variety of individual-
level behaviors [10, 20]. Zhang et al. [31] leveraged the social force
model [8] to simulate physical trajectories, which serve as priors to
guide neural network fine-tuning. Yue et al. [29] proposed a neural
social physics model that estimates physical parameters through a
learnable architecture and integrates them into a motion prediction
network. Mo et al. [17] introduced a physics-informed graph neural
ODE that encodes pedestrian motion physics via physics-based loss
constraints. Chen et al. [5] incorporated the social force model into
a diffusion model to guide its denoising process. The microscopic
methods can provide a more precise simulation of individual in-
teractions and localized behaviors. However, these methods rely
on rigid physical assumptions, such as non-adaptive interaction
forces or fixed interpersonal distances, limiting their capabilities to
capture the dynamic nature of crowd behaviors.

Our work belongs to the category of designing the PINNsmethod
for microscopic crowd simulation. Different from the existing mi-
croscopic approaches, we explicitly incorporate the learning of the
adaptivity of crowd behaviors within a PINN architecture. Specifi-
cally, we propose a novel self-adaptive PINN framework that uni-
fies perception-level and task-level adaptivity, where we realize
attentional social perception in the feature extraction process, and
achieve adaptive multi-task balancing in the network training.

3 Methodology
3.1 Overview
We tackle the task of motion prediction for microscopic crowd
simulation, where the goal is to learn a predictive model that
estimates each pedestrian’s future velocity in a dynamic crowd
environment. At each time step 𝑡 , the crowd state is denoted as
𝑆𝑡 = {𝑠𝑡1, 𝑠𝑡2, . . . , 𝑠𝑡𝑁 }, where 𝑁 denotes the total number of pedes-
trians in the scene. The state of the 𝑖-th pedestrian is represented
as a tuple 𝑠𝑡𝑖 = (𝒑𝑡𝑖 , 𝒗𝑡𝑖 , 𝒅𝑡𝑖 ), where 𝒑𝑡𝑖 ∈ R2 is the position, 𝒗𝑡𝑖 ∈ R2

is the velocity, and 𝒅𝑡𝑖 ∈ R2 is the goal or destination direction. The
prediction model 𝑓pred, parameterized by 𝜃pred, takes the inputs of
the motion history of the 𝑖-th agent and its perceived local con-
text to predict the future velocity: 𝒗𝑡+1𝑖 = 𝑓pred (𝑠𝑡−𝑘 :𝑡𝑖 , C𝑡

𝑖 ;𝜃pred),
where 𝑠𝑡−𝑘 :𝑡𝑖 is the motion history of agent 𝑖 over the past 𝑘 + 1
steps, and C𝑡

𝑖 denotes the perceived context of nearby pedestrians
and obstacles. This task poses a profound modeling challenge, re-
quiring simultaneous reasoning over both microscopic interactions
(i.e., local responses to nearby agents) and macroscopic dynamics
(i.e., global patterns shaped by collective motion). Addressing this
complexity requires models that adaptively integrate spatial and
temporal information to synchronize individual decisions with the
broader dynamics of the crowd.

We propose a self-adaptive physics-informed neural network
(SA-PINN) architecture as shown in Fig. 2 that integrates both
perception-level and task-level adaptivity guided by effective physics-
informed modeling. At its core is the Crowd Motion Prediction
Network (CMP-Net), which predicts each pedestrian’s future ve-
locity by encoding their motion history and the perceived social
context. This context is first captured via a localized influence map,
derived using the visual-field physics model [18, 27] to represent
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each pedestrian’s observable region. A social context attention mod-
ule then adaptively highlights salient interactions by disentangling
spatial and temporal cues. To further account for individual variabil-
ity, a physics-informed attentionmechanism generates personalized
attention maps using Gaussian distributions parameterized by each
agent’s velocity and heading, modeling attentional perceptual focus
in a physically grounded manner.

For training, SA-PINN employs a multi-task objective that uni-
fies data consistency loss with two physics-informed losses: goal-
reaching and collision avoidance, the latter derived from the opti-
mal reciprocal collision avoidance (ORCA)model [23], a widely
adopted physical model for collision avoidance in crowd simula-
tion. A dedicated Task Balancing Network (TB-Net) adaptively
reweights these losses through adversarial optimization, allow-
ing the model to self-regulate learning based on the varied im-
portance of motion planning tasks. This design enables SA-PINN
to robustly capture the adaptive, physics-consistent behaviors for
realistic crowd simulation.

3.2 Self-Adaptive Social Perception Model
We propose a Self-Adaptive Social Perception (SA-SP) model that
empowers pedestrian agents to dynamically modulate their social
attention in response to varying crowd configurations. Building on
the insight that individuals exhibit distinct perceptual behaviors
under different social contexts, SA-SP integrates three synergis-
tic components to capture such adaptivity: (1) Localized Influ-
ence Map, which transforms discrete crowd states into continu-
ous spatial-temporal influence fields using a visual-field physics
model, capturing socially coherent interactions within each pedes-
trian’s perceptual range; (2) Social Context Attention, which
highlights interaction-critical patterns by attending to the most
informative regions and time steps in the influence fields; and (3)
Individual-Level Attention, which predicts pedestrian-specific
bivariate Gaussian distributions from motion features to define a
physics-informed attention field, where the mean and covariance
represent perceptual focus and range, modulating the saliency map
to generate individualized attentional perception maps.

3.2.1 Localized Influence Map Generation. To construct the spatial-
temporal influence field for each pedestrian, we begin by defining
their social domainD𝑖 as a square region of side length 𝑙 centered
at their position. This domain represents the area within which
social interactions are considered relevant. WithinD𝑖 , the influence
of pedestrian 𝑖 at a spatial location 𝒒 ∈ D𝑖 is computed using a
visual-field physics model that accounts for both distance decay
and directional alignment:

𝐼𝑖 (𝒒,𝒑𝑖 , 𝒗𝑖 ) = 𝑒𝑥𝑝 (− ∥𝒒 − 𝒑𝑖 ∥
𝛿

) · 𝜑 (𝒒 − 𝒑𝑖 , 𝒗𝑖 ), 𝑞 ∈ D𝑖 , (1)

where 𝒒 denotes a spatial location within the domain, 𝛿 is the dis-
tance sensitivity parameter controlling the decay rate of influence
over distance, and 𝜑 (·) is the cosine similarity between the vector
from the pedestrian to 𝒒 relative to its velocity direction:

𝜑 (𝛼, 𝛽) =
�

𝛼 · 𝛽
∥𝛼 ∥∥𝛽 ∥

�
. (2)

By aggregating the influence of all 𝑁 pedestrians in the scene,
the global influence field 𝐼glob (𝒒) and the individual social domain

feature 𝐼𝑖 (𝒒) are defined as:

𝐼glob (𝒒) =
∑︁
𝑖∈𝑁

𝐼𝑖 (𝒒,𝒑𝑖 , 𝒗𝑖 ); 𝐼𝑖 (𝒒) = 𝐼glob (𝒒) − 𝐼𝑖 (𝒒,𝒑𝑖 , 𝒗𝑖 ). (3)

The social domain feature 𝐼𝑖 (𝒒) encodes rich, physics-informed
spatial cues about nearby agents’ motion and proximity, offering a
personalized spatial representation of the dynamic social context.

We further extend the social domain feature into the temporal
dimension by modeling how pedestrians anticipate future interac-
tions based on short-term motion physics. Assuming a short-term
constant velocity, the expected position after Δ𝑡 can be estimated
as 𝒑𝑡+Δ𝑡𝑖 = 𝒑𝑡𝑖 + 𝒗𝑡𝑖 · Δ𝑡 , from which we derive the corresponding
expected social domain D𝑡+Δ𝑡

𝑖 and its associated feature map
𝐼𝑡+Δ𝑡𝑖 (𝒒) using the same visual-field formulation. By sampling over
𝜏 future steps and discretizing each social domain into a spatial grid
of size ℎ ×𝑤 , we construct the spatial-temporal localized influ-
ence maps 𝑀𝐿 = {𝑚𝑡

𝐿,𝑚
𝑡+Δ𝑡
𝐿 , . . . ,𝑚

𝑡+(𝜏−1)Δ𝑡
𝐿 } ∈ R𝜏×ℎ×𝑤 . This

spatial-temporal representation mitigates artifacts arising from
discrete feature scale differences and provides a smoother, more
informative input to downstream learning modules.

3.2.2 Social Context Attention. We propose a social context atten-
tion mechanism that captures the dynamic and diverse influence
of surrounding agents by adaptively highlighting socially salient
patterns in the localized influence map. Specifically, it comprises
two complementary components: temporal attention and spatial
attention, operating over the influence maps𝑀𝐿 ∈ R𝜏×ℎ×𝑤 , which
encodes crowd interaction signals across time and space.

The temporal attention module focuses on identifying time
frames that carry crucial behavioral cues. It performs channel-wise
attention along the temporal dimension to enhance salient moments
in the influence map:

𝑤tp = 𝑓𝜎
�
𝑀𝐿𝑃 (𝐴𝑣𝑔𝑃𝑜𝑜𝑙 (𝑀𝐿) +𝑀𝐿𝑃 (𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑀𝐿))

�
, (4)

where we first extract global temporal statistics by applying spatial
𝐴𝑣𝑔𝑃𝑜𝑜𝑙 (·) and𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (·) operations independently at each time
step, resulting in descriptors of shape 𝜏×1×1. These descriptors are
then processed through separate MLP layers, summed, and passed
through a sigmoid activation function 𝑓𝜎 (·) to yield temporal at-
tention weights𝑤tp ∈ R𝜏×1×1. Subsequently, the refined temporal
features are obtained by applying these weights to the original map
as follows: b𝑀𝐿 = 𝑀𝐿 ⊗ 𝑤tp, where ⊗ denotes the element-wise
multiplication with broadcasting.

The spatial attention further highlights socially salient regions
within each frame that are likely to influence a pedestrian’s tra-
jectory. Using the temporally-enhanced maps b𝑀𝐿 , we derive the
spatial attention𝑤sp ∈ R1×ℎ×𝑤 as follows:

𝑤sp = 𝑓𝜎
�
𝐶𝑜𝑛𝑣2𝑑

 �
𝐴𝑣𝑔𝑃𝑜𝑜𝑙 ( b𝑀𝐿),𝑀𝑎𝑥𝑃𝑜𝑜𝑙 ( b𝑀𝐿)� ��, (5)

where𝐴𝑣𝑔𝑃𝑜𝑜𝑙 (·) and𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (·) denote pooling operations along
the temporal dimension, each producing spatial maps of shape 1 ×
ℎ×𝑤 . These pooled spatial maps are concatenated along the channel
dimension and passed through a convolutional layer followed by
sigmoid activation. Finally, we apply the spatial attention across
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all time steps, producing the socially-attended influence maps
𝑀soc = b𝑀𝐿 ⊗𝑤sp, where𝑀soc ∈ R𝜏×ℎ×𝑤 .

By sequentially applying temporal and spatial attention to the
localized influence map, our social context attention module al-
lows the model to adaptively attend to when and where social
interactions are most influential, offering a rich, socially-aware rep-
resentation that supports high-fidelity understanding in complex
crowd simulation environments.

3.2.3 Physics-Informed Individual-Level Attention. Effective crowd
modeling requires agents to adaptively perceive social context
through the lens of their own goals and dynamics, enabling per-
sonalized responses to surrounding interactions. To this end, we
propose a physics-informed individual-level attention mechanism
that adaptively interprets social context based on each agent’s mo-
tion state, producing personalized attention aligned with physical
and behavioral plausibility.

Specifically, we model each agent’s perceptual focus as a Gauss-
ian distribution over the social domain, parameterized by its own
motion features. This physics-informed formulation captures uncer-
tainty and directional sensitivity, allowing attention to adaptively
align with the agent’s velocity and intent. Formally, given individ-
ual motion features 𝐹ind extracted via an LSTM encoder from the
pedestrian motion sequence, we learn a dedicated Gaussian distri-
bution parameterized by the mean 𝝁 and a covariance matrix Σ that
governs the spatial spread of attention. To guarantee that Σ remains
positive definite, we constructed it using a lower-triangular matrix
𝐴𝐿 with learnable elements 𝑎1,1,𝑎2,1,𝑎2,2, following the Cholesky
decomposition theory [3]:

𝐴𝐿 =

�
𝑒𝑥𝑝 (𝑎1,1) 0

𝑎2,1 𝑒𝑥𝑝 (𝑎2,2)
�
, Σ = 𝐴𝐿𝐴

𝑇
𝐿 . (6)

The resulting Gaussian distribution over spatial coordinates 𝒒 ∈ D
is defined as:

N(𝒒; 𝝁, Σ) = 1
2𝜋

√
Σ
𝑒𝑥𝑝

�
− 1
2 (𝒒 − 𝝁)𝑇 Σ−1 (𝒒 − 𝝁)

�
. (7)

We evaluate this distribution on a uniform spatial grid of reso-
lution ℎ × 𝑤 , yielding an individual-level attention map 𝑤ind ∈
R1×ℎ×𝑤 . This attention map is further applied to the social-level
saliency maps𝑀soc (from Sec 3.2.2) to produce the final individual-
attended influence maps𝑀ind ∈ R𝜏×ℎ×𝑤 :

𝑀ind = 𝑀soc ⊗𝑤ind . (8)
This adaptive physics-informed attention mechanism allows

each agent to selectively focus on socially relevant regions based
on its ownmotion state, facilitating personalized and context-aware
modeling. The resulting individual-attended influence maps𝑀𝑖𝑛𝑑
are encoded via a CNN to generate compact attentional social per-
ception features 𝐹soc, which are then concatenated with individual
motion features 𝐹ind and processed through a decoder to predict
future velocities:

𝒗𝑡+1 = 𝑓dec ( [𝐹ind, 𝐹soc]). (9)

3.3 Self-Adaptive Multi-Task PINN Training
Existing crowd simulation methods predominantly focus on motion
planning by directly optimizing predicted velocities (Eq. 9), often

neglecting the underlying physical constraints essential for gen-
erating coherent and socially plausible crowd behaviors. Building
on this insight, we reformulate crowd simulation as a multi-task
learning problem. Here, the tasks refer to both the physical
tasks that real pedestrians consider in motion planning, and the
data consistency task that ensures alignment between simulated
results and real data. We consider two main physical tasks of pedes-
trians: (1) goal reaching and (2) collision avoidance, which promotes
intention-aware and socially compliant motion. To reflect the adap-
tive nature of real-world pedestrian behavior in social contexts,
we propose an adversarial multi-task training framework, where a
Task Balancing Network (TB-Net) dynamically adjusts task weights
based on contextual difficulty and inter-task conflict, enabling the
model to self-regulate learning priorities throughout training.

3.3.1 Multi-task Training Loss. Given the predicted crowd states
𝑆T and the ground truth crowd states 𝑆T over the simulation period
T = (1, 2, ..,𝑇 ), the multi-task loss function is formulated as:

Lall =
∑︁
𝑡 ∈T

h
𝜆gLg (𝑆𝑡 ) + 𝜆cLc (𝑆𝑡 ) + 𝜆dLd (𝑆𝑡 , 𝑆𝑡 )

i
, (10)

where 𝜆g = (𝜆1g, ..., 𝜆𝑇g ), 𝜆c = (𝜆1c , ..., 𝜆𝑇c ), 𝜆d = (𝜆1d, ..., 𝜆𝑇d ) are time-
dependent task weights that are dynamically adjusted by a learnable
loss-balancing network during training.

Given that 𝑠𝑡𝑖 = (𝒑𝑡𝑖 , 𝒗𝑡𝑖 , 𝒅𝑡𝑖 ) is the ground truth state of 𝑖-th
pedestrian at time 𝑡 , where 𝒑𝑡𝑖 represents the position vector, 𝒗𝑡𝑖
represents the velocity vector, and 𝒅𝑡𝑖 is the displacement vector
from the predicted position to the destination. Correspondingly,
𝑠𝑡𝑖 = (𝒑̂𝑡𝑖 , 𝒗𝑡𝑖 , 𝒅𝑡𝑖 ) denotes the predicted state of pedestrian 𝑖 at time
𝑡 . The goal loss Lg (𝑆T) ∈ R𝑇 corresponds to the goal-reaching
task, and is defined as:

Lg (𝑆T) =
(∑︁
𝑖∈𝑁

𝑒𝑥𝑝 (−|𝒅𝑡𝑖 |2) · 𝜑 (𝒅𝑡𝑖 , 𝒗𝑡𝑖 )
)𝑇
𝑡=1

, (11)

where 𝜑 (·) measures the cosine similarity between the 𝒅𝑡𝑖 and 𝒗
𝑡
𝑖 .

The exponential decay term 𝑒𝑥𝑝 (−∥𝒅𝑡𝑖 ∥2) imposes stricter con-
straints on pedestrians closer to their destination, while progres-
sively relaxing these constraints for those further away.

The collision loss Lc (𝑆T) ∈ R𝑇 for collision avoidance task
is formulated as:

Lc (𝑆T) =


∑︁
𝑖∈𝑁

∑︁
𝑖≠𝑗

𝑚𝑎𝑥 (0,𝑉𝑂𝜏
𝑖 | 𝑗 · (𝒗𝑡𝑖 − 𝒗𝑡−1𝑖 ))



𝑇

𝑡=1

, (12)

where𝑉𝑂𝜏
𝑖 | 𝑗 denotes the velocity obstacle (VO) region of pedestrian

𝑖 induced by pedestrian 𝑗 over a time window 𝜏 , as defined in the
ORCA model [23]. Specifically, the 𝑉𝑂𝜏

𝑖 | 𝑗 for pedestrian 𝑖 induced
by pedestrian 𝑗 over a time window 𝜏 is defined as:

𝑉𝑂𝜏
𝑖 | 𝑗 =

�
𝒗
��∃𝑡 ∈ [0, 𝜏] such that 𝑡𝒗 ∈ B(𝒑 𝑗 − 𝒑𝑖 , 𝑟𝑖 + 𝑟 𝑗 )

	
,

where B(𝒑, 𝑟 ) = �
𝒒 ∈ R2 �� ∥𝒒 − 𝒑∥ < 𝑟

	
denotes an open ball (disc)

centered at 𝒑 with radius 𝑟 . The operation 𝑉𝑂𝜏
𝑖 | 𝑗 · (𝒗𝑡𝑖 − 𝒗𝑡−1𝑖 )

conceptually evaluates if the velocity change vector points into
the VO region. The𝑚𝑎𝑥 (0, ·) function penalizes only those velocity
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changes that intrude into the VO region, while safe or neutral
changes incur no penalty. This loss thus quantifies violations of
collision avoidance constraints, serving as a proxy for measuring
collision risk.

Finally, the data loss Ld (𝑆T , 𝑆T) ∈ R𝑇 for data consistency
task is computed as:

Ld (𝑆T , 𝑆T) =
(∑︁
𝑖∈𝑁

∥𝒑̂𝑡𝑖 − 𝒑𝑡𝑖 ∥2 + ∥𝒗𝑡𝑖 − 𝒗𝑡𝑖 ∥2
)𝑇
𝑡=1

, (13)

which measures discrepancies between predicted and ground truth
states through deviations in pedestrian positions and velocities.

3.3.2 Adaptive Task Balancing with Adversarial Training. We in-
troduce a Task Balancing Network (TB-Net) parameterized by
𝜃𝑡𝑎𝑠𝑘 , to adaptively learn the task and time-dependent weights 𝝀
for optimizing the multi-task losses (Lg,Lc,Ld):

𝝀 = 𝑓task
Lg,Lc,Ld;𝜃task

�
, with 𝝀 = [𝜆g, 𝜆c, 𝜆d] ∈ R3𝑇 .

(14)
During training, the TB-Net and the CMP-Net are jointly optimized
via adversarial training:

min
𝜃pred

max
𝜃task

�
𝜆g · Lg + 𝜆c · Lc + 𝜆d · Ld

�
, (15)

where 𝜃pred denotes the parameters of CMP-Net. CMP-Net is up-
dated via gradient descent, while TB-Net follows gradient ascent to
modulate loss weighting. Given the initial state 𝑆0, and initialized
weights (𝜆g, 𝜆c, 𝜆d)0, CMP-Net predicts future crowd state 𝑆T over
horizon T in an autoregressive manner. The multi-task losses are
computed per Equations 11, 12 and 13, and combined into Lall
using current weights.

TB-Net then updates the loss weights based on the latest multi-
task losses (Lg,Lc,Ld) to reflect the relative difficulty of each
task. These updated weights are applied in the next training epoch
to recompute Lall.To stabilize training, we adopt an alternating
strategy and update CMP-Net more frequently than TB-Net. This
adversarial training framework allows TB-Net to guide CMP-Net by
emphasizing underperforming tasks, thereby facilitating a balance
of crowd motion across goal-reaching, collision avoidance, and data
consistency tasks. The detailed training algorithm is in part (a) of
the supplementary material 1.

4 Experiments
4.1 Experimental Setup
Crowd Datasets. To evaluate the method’s ability to simulate
complex crowd behaviors, we conducted crowd simulation experi-
ments on three public datasets: the Lane dataset [1], the Cross 90
dataset [2], and the Grand Central Station (GC) dataset [35]. These
datasets vary significantly in their spatial scales, pedestrian densi-
ties, and behavioral patterns, enabling a comprehensive assessment
of the generalization ability of our model. Specifically, the Lane
dataset captures bidirectional pedestrian counter-flow scenarios
with densities surpassing 1.5𝑚−2. The Cross 90 dataset illustrates
complex bidirectional cross-flow dynamics at a crossing angle of
90°, exhibiting maximum densities exceeding 3𝑚−2. In contrast, the
1https://github.com/ziyingTan/Crowd-SA-PINN

GC dataset, recorded in a real-world transportation hub, represents
more freely formed pedestrian movements, with an average density
below 0.5𝑚−2. Detailed descriptions of these datasets can be found
in part (b) of the supplementary material.
Baselines.We selected three latest PINN-based methods for crowd
simulation as baselines: NSP [29], PCS [31], and SPDiff [5]. NSP em-
beds an explicit crowd behavior physical model with learnable pa-
rameters into deep neural networks. PCS introduces an interactive
mechanism, where synthetic training data generated from physical
models is used to train neural networks, subsequently applying
symbolic regression on trained models to refine the physical repre-
sentations. SPDiff integrates the classical social force model within
a diffusion-based neural network, embedding a physics-inspired
crowd interaction module to steer the model’s denoising trajec-
tory. Additional implementation details regarding these baseline
methods can be found in part (c) of the supplementary material.
Evaluation Metrics. To assess model performance, we employed
evaluation metrics at both microscopic and macroscopic levels. At
the microscopic level, we quantified trajectory prediction accuracy
and realism using Mean Absolute Error (MAE), Optimal Transport
(OT), and Maximum Mean Discrepancy (MMD) metrics to evalu-
ate the similarity between simulated and ground-truth pedestrian
trajectories. Additionally, we defined and computed the difference
in collision counts (Col-) between simulated scenarios and ground
truth data to measure the authenticity of pedestrian interactions.
At the macroscopic level, we adopted the velocity vorticity dif-
ference (VD) [28] and density distribution similarity (DDS) at the
macroscopic level to assess the consistency between the simulated
crowd movement patterns and the ground truth. The specific expla-
nation and calculation details of the metrics are in part (d) of the
supplementary material.
Experiment Settings. All experiments were conducted on a com-
puting server equipped with an Intel i9-12900K CPU and an NVIDIA
GeForce RTX 3090 GPU. The simulation horizon was consistently
set to 𝑇 = 10 time steps during training. The CMP-Net was pre-
trainedwith initial multi-task lossweight (𝜆g, 𝜆c, 𝜆d)0 = (0.3, 0.3, 0.4).
The Adam optimizer was utilized with learning rates of 1𝑒−3, 3𝑒−3,
and 5𝑒−3 for the Lane, Cross 90, and GC datasets, respectively.
These hyperparameters were determined through preliminary ex-
perimental validation across multiple training trials. Additional
details regarding parameter configurations and training settings
are in part (e) of the supplementary material.

4.2 Experiment Results
As shown in Table 1, we present a comparative evaluation of
SA-PINN against baseline methods across three real-world crowd
datasets. SA-PINN achieved an average improvement of 29.7% in
microscopic trajectory accuracy (MSE) over the best-performing
baselines across the three datasets. Specifically, on the Lane dataset,
SA-PINN achieves relative improvements ranging from 14.2% to
33.5% onmicroscopic evaluationmetrics (MSE,MAE, OT, andMMD)
compared to the best-performing baseline. Similarly, on the Cross
90 dataset, these microscopic metrics exhibit improvements be-
tween 12.9% and 25.6%, while on the GC dataset, the microscopic
metrics improve by 8.9% to 42.6%. Notably, our approach substan-
tially reduces collision occurrences by 26.6% to 86.7% across all
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Table 1: Comparative performance of simulation models at three crowd datasets

Datasets Methods Micro-metrics Macro-metrics
MSE (↓) MAE (↓) OT (↓) MMD (↓) Col- (↓) VD (↓) DDS (↑)

Lane NSP [29] 0.783 0.503 0.417 0.060 334 0.174 0.461
PCS [31] 0.963 0.582 0.521 0.065 362 0.357 0.418
SPDiff [5] 0.248 0.339 0.226 0.014 148 0.201 0.449
SA-PINN (Ours) 0.165 0.291 0.152 0.011 62 0.089 0.474

Cross 90 NSP [29] 0.465 0.465 0.271 0.023 172 0.130 0.282
PCS [31] 0.888 0.637 0.573 0.043 588 0.187 0.460
SPDiff [5] 0.587 0.533 0.381 0.030 332 0.289 0.302
SA-PINN (Ours) 0.405 0.403 0.204 0.018 128 0.058 0.494

GC NSP [29] 2.454 0.966 1.506 0.013 572 0.250 0.317
PCS [31] 2.593 1.036 1.546 0.012 466 0.272 0.295
SPDiff [5] 2.747 1.052 1.606 0.010 830 0.364 0.319
SA-PINN (Ours) 1.409 0.880 1.262 0.008 110 0.211 0.511

Figure 3: Snapshots of microscopic crowd behaviors of simulated results and ground truth data.

datasets, exhibiting its effectiveness in mitigating unrealistic crowd
behaviors through adaptive physics-informed constraints. At the
macro-level, SA-PINN yielded average improvements of 39.9% in
vorticity and 29.7% in density similarity compared to the strongest
baselines. Meanwhile, our method shows greater improvements in
the Cross 90, where crowd density is higher and crowd behaviors
are more complex. The compared baseline methods have limited
generalization capabilities with static physical priors, which strug-
gle under high-density conditions. In contrast, our approach lever-
ages adaptive mechanisms to dynamically adjust motion patterns
in response to varying interaction contexts, enabling more robust
modeling of complex crowd behaviors.

Figure 4: Density distribution maps of simulated results and
ground truth data.

To intuitively illustrate the performance differences amongmeth-
ods, we visualize the crowd simulation results from both macro-
scopic and microscopic perspectives. Fig. 4 presents normalized
macroscopic density heatmaps of the ground truth and simulated
results across three datasets. Representative frames at the early,
middle, and late simulation stages are shown. SA-PINN consistently
maintains density distributions closer to the ground truth through-
out the simulation. Although initially minor, discrepancies from

baseline simulations progressively increase, particularly in high-
density (Cross 90) and spatially complex (GC) scenarios. In the
Lane scenario with bidirectional pedestrian flows, SA-PINN effec-
tively reproduces realistic stripe-like density patterns, capturing
pedestrian lane formation phenomena. Fig. 3 shows the simulation
snapshots of microscopic crowd behavior on the Lane dataset, in
which each square shows pedestrianmovements within localized re-
gions at time steps (𝑡 = 90, 100, 110). Red and blue arrows represent
pedestrian velocity directions, yellow circles highlight physically
implausible behaviors (e.g., overlaps), and black ellipses mark the
pedestrian following and formation-keeping behaviors observed.
SA-PINN achieves simulation closely aligning with ground truth
and exhibiting fewer physically implausible behaviors.

In addition, we compare the number of trainable parameters
and training efficiency between SA-PINN and baseline methods.
SA-PINN demonstrates clear advantages in both model compact-
ness and computational efficiency, containing only 60K trainable
parameters that are fewer than NSP (2.5M), PCS (0.6M), and SPDiff
(0.2M). On the GC dataset, SA-PINN achieves a 25% reduction in
training time compared to SPDiff, decreasing from 13.65 to 10.23
hours. Furthermore, training speed improvements of 23% and 11%
are observed on the Cross 90 and Lane datasets, respectively.

4.3 Adaptivity Analysis
To demonstrate the adaptive capabilities of our method in crowd
simulation, we visualize the attention weight distributions within
the self-adaptive social perception module and track the evolv-
ing loss weights during multi-task training. These visualizations
and corresponding analyses of intermediate representations and
training dynamics underscore the interpretability of our model in
modeling crowd perception and decision-making processes. Fig. 5
(a) and (b) show the Individual-attended influence maps under the
scenarios of two typical behaviors (gap-seeking and following) in
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(a) Following Crowd

(b) Gap Seeking Crowd

Figure 5: Individual-attended influence maps: (a) the Follow-
ing crowd attends to nearby agents in the same direction; (b)
the Gap-Seeking crowd allocates attention toward forward
gaps for navigation.

the Lane dataset. Blue dots indicate the focal pedestrian, red dots
denote neighboring pedestrians, arrows represent velocities, and
brighter areas show higher attention levels. Results demonstrate
dynamic adaptation in pedestrian attention patterns: gap-seeking
pedestrians primarily focus on open spaces ahead, while followers
predominantly attend to the pedestrian directly in front.
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(a) The physical and data loss weights evolve with the training epochs
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(b) Destination to collision loss weight ratio evolves with time steps

Figure 6: Evolution of Multi-Task Loss Weights from TB-Net.

Fig. 6 (a) depicts adaptive changes in physical and data loss
weights during training. Initially, physical losses dominate, guiding
the model toward physically consistent behaviors. Subsequently,
data losses gradually increase, enabling the learning of diverse
individual behaviors. This balancing intersection occurs earlier
for the larger GC dataset and later for the Lane dataset, reflecting
the method’s adaptive allocation of resources based on dataset
characteristics. Fig. 6 (b) shows the relative weighting between goal
loss and collision loss across time steps, highlighting a progressively
greater emphasis on goal-reaching task as pedestrians approach
their goals, aligning with realistic pedestrian behavior.

4.4 Ablation Study
We conduct ablation studies on key model components: the self-
adaptive social perception model (SA-SP) and the task balancing
network (TB-Net). Three variants are analyzed: (1) w/o SA-SP,

Table 2: Ablation study results for SA-PINN.

Methods
Micro-metrics Macro-metrics

MSE (↓) MAE (↓) OT (↓) MMD (↓) Col-(↓) VD (↓) DDS (↑)

La
ne

w/o SA-SP 0.217 0.358 0.200 0.015 116 0.150 0.455
w/o TB-Net 0.215 0.354 0.197 0.014 98 0.094 0.471
w/o both 0.260 0.402 0.239 0.020 158 0.163 0.470
SA-PINN 0.165 0.291 0.152 0.011 62 0.089 0.474

C
ro
ss

90

w/o SA-SP 0.563 0.505 0.293 0.030 204 0.125 0.327
w/o TB-Net 0.562 0.505 0.291 0.028 192 0.114 0.346
w/o both 0.773 0.668 0.593 0.090 190 0.100 0.276
SA-PINN 0.405 0.403 0.204 0.018 128 0.058 0.494

G
C

w/o SA-SP 2.290 1.088 2.178 0.030 398 0.268 0.478
w/o TB-Net 2.145 1.106 1.947 0.041 162 0.330 0.440
w/o both 6.228 1.875 3.948 0.068 708 0.245 0.346
SA-PINN 1.409 0.880 1.262 0.008 110 0.211 0.511

where the SA-SP module is removed, leaving only individual mo-
tion features for prediction; (2) w/o TB-Net, where TB-Net is re-
moved, relying solely on data loss; and (3) w/o both, removing both
perception-level and task-level adaptive physics-informed compo-
nents, resulting in a basic LSTM-based motion prediction network.

Table 2 presents the experimental results for the aforementioned
ablation study. While removing TB-Net leads to a certain degree
of performance degradation, the model still outperforms all base-
lines on most datasets, except for a slight drop below NSP on the
high-density Cross 90 dataset. This suggests that TB-Net plays an
important role in handling high-density scenarios. Notably, the so-
cial perception attention network provides individuals with aware-
ness and feedback regarding their surroundings. Removing SA-SP
results in a more substantial performance decline, especially with
a significant increase in collisions. This indicates that SA-SP con-
tributes more critically to model performance, and the combination
of TB-Net and SA-SP is particularly important for managing com-
plex and high-density environments. Furthermore, after removing
both TP-Net and SA-SP, the decline in microscopic metrics is more
pronounced than in macroscopic metrics, emphasizing the impor-
tance of adaptive methods in enhancing the model’s ability to learn
diverse individual behavioral patterns from data.

5 Conclusion
In this study, we introduced a Self-Adaptive Physics-Informed Neu-
ral Network (SA-PINN) architecture for crowd simulation, aimed at
modeling the dynamic nature of pedestrian perception and motion
planning. We developed a self-adaptive social perception model
to capture evolving social attention patterns among pedestrians.
Furthermore, we proposed a self-adaptive multi-task PINN training
framework that improves both the efficiency and effectiveness of
motion prediction by incorporating a physics-informed multi-task
loss with dynamically adjusted weights. Extensive experiments
across diverse scenarios show that our model consistently outper-
forms recent state-of-the-art PINN-based approaches and generates
more reliable and physically plausible crowd behaviors. In future
work, we will further explore the potential of multimodal data to
enhance crowd behavior understanding. For example, we plan to
incorporate semantic maps or leverage vision-language models
(VLMs) to parse synthetic simulation videos and extract textual
representations of crowd rules, thereby enriching the input data
modalities. This line of research will facilitate the modeling of com-
plex crowd dynamics in both normal and emergency situations.
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