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ARTICLE INFO ABSTRACT
Dataset link: UCY/ETH GC (Original data) Modeling realistic crowd dynamics from observational trajectories remains challenging due to the difficulty

of capturing long-range temporal dependencies and heterogeneous motion patterns in pedestrian interactions.
Communicated by Q. Li Existing multi-agent generative adversarial imitation learning methods typically rely on MLP-based backbones,

which struggle to model complex scenes involving dense interactions, abrupt motion changes, and disorderly be-
Keywords: haviors. We propose Mamba-MAGAIL, a framework that introduces a temporal agent encoder combining Mamba
Crowd dynamics state-space models with causal buffering mechanisms. The encoder decomposes agent states into three compo-
Long-range temporal dependencies nents, self-dynamics, interaction context, and external obstacles, each with independent normalization for stable
Causal buffering mechanisms feature learning. A temporal state buffer with causal masking handles variable-length trajectories while pre-
Temporal agent encoder serving temporal causality. Mamba-SSM modules efficiently capture long-range dependencies across sequential

Mamba-§5M modules positions, velocities, and accelerations, enabling the framework to learn intricate motion patterns characteristic of

heterogeneous pedestrians in crowded environments. Experimental validation on multiple benchmark datasets
demonstrates competitive performance in trajectory prediction accuracy and realism metrics. The principled
approach to decomposed state representation and temporal encoding provides a more effective alternative to
traditional MLP architectures for multi-agent generative modeling.

1. Introduction higher-order dynamic factors such as velocity and acceleration are con-
sidered. In practical applications, especially in emergency or disorderly
scenarios, such subtle motion variations can strongly affect the realism
and safety of trajectory generation. Consequently, effective representa-
tion and exploitation of these weak but informative dynamic features
are essential for high-quality multi-agent simulation.

Existing methods [1-3] for trajectory prediction and generation can
be broadly divided into rule-based methods, optimization-based meth-
ods, and data-driven learning methods. Rule-based methods depend
heavily on manually defined behavioral assumptions, which often limit
their generalization to complex scenes. Optimization-based approaches
can model interactions explicitly, but they usually require carefully
designed objectives and may suffer from high computational complex-
ity. In contrast, imitation learning provides a more flexible alternative
by allowing agents to learn policies directly from expert demonstra-
tions. In particular, generative adversarial imitation learning has shown
strong potential for modeling complex behaviors without explicit reward
design, making it appealing for multi-agent crowd trajectory generation.

Despite this advantage, many existing MAGAIL-based methods still
use simple MLP structures as their feature extraction and policy

Crowd trajectory modeling has become an important research topic
in artificial intelligence, computer vision, and intelligent systems be-
cause of its wide applications in autonomous driving, robot navigation,
intelligent surveillance, and virtual human interaction. A reliable crowd
simulation framework should not only reproduce the spatial evolution of
individual pedestrians, but also capture the dynamic interactions among
multiple agents under changing environments. With the rapid develop-
ment of pedestrian detection and multi-object tracking techniques, large
amounts of trajectory data can now be extracted from videos, providing
an important foundation for learning-based crowd behavior modeling.
However, generating realistic and physically plausible trajectories from
limited observations remains a challenging task, especially in crowded,
uncertain, and abnormal scenarios.

A key difficulty lies in the fact that pedestrian motion is governed
by complex latent rules rather than by position observations alone.
Real-world trajectories are influenced by individual intent, neighboring
interactions, scene constraints, and temporal evolution. Therefore, sim-
ilar spatial traces may correspond to different motion tendencies when
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representation backbone. Such architectures are effective for low-
complexity mappings, but their capacity to encode long-range temporal
dependencies and subtle motion variations remains limited. As a result,
they may fail to fully characterize the intrinsic dynamic laws embedded
in pedestrian trajectories, especially in scenes with complex interac-
tions or long-term dependencies. This issue motivates the search for
more expressive sequence modeling mechanisms that can better support
multi-agent crowd dynamics simulation.

Recently, state space sequence models have attracted increasing
attention because of their strong ability to model long-context depen-
dencies with favorable computational efficiency. Among them, Mamba
has demonstrated promising performance in a variety of sequence mod-
eling tasks. Its structured state space mechanism provides an effective
way to encode temporal evolution while maintaining efficient compu-
tation. From the perspective of crowd behavior modeling, this property
is particularly valuable because pedestrian trajectories are sequential,
interaction-dependent, and dynamically evolving. Therefore, incorpo-
rating Mamba into multi-agent imitation learning is expected to improve
the representation of latent motion knowledge and enhance trajectory
generation quality.

Motivated by the above observations, this paper proposes Mamba-
MAGAIL, a Mamba-enhanced multi-agent generative adversarial imita-
tion learning framework for crowd dynamics simulation. Different from
conventional MAGAIL frameworks, the proposed method replaces the
MLP backbone with Mamba-SSM to strengthen trajectory feature extrac-
tion and dynamic representation. In addition, to improve the quality of
expert demonstrations, interpolation-based numerical processing is used
to construct refined trajectory data, and perspective transformation is
adopted to map image coordinates to world coordinates. Furthermore, a
multi-metric constrained loss is introduced to jointly guide the optimiza-
tion of benchmark and generated trajectories, enabling the framework to
better adapt to different scene conditions and produce more reasonable
motion paths.

Compared with existing studies, the contribution of this work does
not only lie in pursuing marginal improvements on saturated bench-
marks. More importantly, it explores a new knowledge-guided mod-
eling paradigm for multi-agent trajectory generation by integrating
state space sequence modeling into adversarial imitation learning. This
integration improves the ability of the framework to encode latent mo-
tion knowledge from multiple dynamic factors and provides a more
expressive basis for simulating realistic crowd behaviors.

The main contributions of this paper are summarized as follows:

1) Mamba-Based Agent Encoder for State Heterogeneity. A tem-
poral state encoder combining Mamba-SSM with causal buffering
to uniformly process heterogeneous agent states (self-dynamics,
interaction, external) and capture long-range temporal depen-
dencies, replacing traditional MLPs in MAGAIL-based imitation
learning.

MAGAIL Framework with Normalized Agent Representa-
tions. Integration of the agent encoder into multi-agent GAIL
with per-component state normalization and clamping, enabling
balanced gradient flow across the discriminator and actor-critic
modules during simultaneous training.

Empirical Validation on Crowd Dynamics. Demonstrations
that Mamba-encoded agents achieve faster convergence and sta-
ble trajectory generation on standard benchmarks, validating the
effectiveness of SSM-based agent modeling over attention and
RNN baselines.

2

—

3

-

The remainder of this paper is organized as follows. Section 2
reviews the related work on crowd trajectory modeling, imitation learn-
ing, and state space sequence models. Section 3 presents the proposed
Mamba-MAGAIL framework in detail. Section 4 describes the datasets,
experimental settings, and evaluation metrics. Section 5 reports and
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discusses the experimental results. Finally, Section 6 concludes the paper
and outlines future research directions.

2. Related works

In recent years, pedestrian and multi-agent trajectory planning has
become a prominent research focus, driven by its critical role in au-
tonomous driving, crowd simulation, and intelligent transportation
systems. To position our proposed method within the current research
landscape, we review the literature from three distinct perspectives:
traditional planning methods, reinforcement learning approaches, and
imitation learning paired with advanced sequence modeling.

2.1. Traditional trajectory planning and multi-agent navigation

For several decades, researchers have proposed various solutions for
guiding agents and planning paths in complex environments. Classical
path planning algorithms, such as A* [4], ant colony optimization [5],
the bee colony algorithm [6], and particle swarm optimization [7],
have been widely adopted due to their straightforward optimization ob-
jectives. In multi-agent collaborative tasks, physics-based theories and
heuristic rules have also played a significant role. For instance, Van et al.
[8] proposed the Optimal Reciprocal Collision Avoidance (ORCA) ap-
proach, which effectively mitigates collision issues in crowd simulations
by optimizing the reciprocal distances between agents. Furthermore,
Hou et al. [9] introduced a group leadership paradigm for multi-agent
organization, which aligns with the observed mobility behaviors of
structured crowds.

However, these traditional methods inevitably face limitations in
their expressive capabilities. They often rely heavily on handcrafted
rules, predefined physical constraints, or rigid avoidance strategies,
which can lead to high computational demands or unnatural conges-
tion in dense scenarios. More importantly, they struggle to model the
highly non-deterministic, complex, and habit-driven behaviors inherent
in real-world pedestrian movement, making them difficult to apply to
large-scale, dynamic multi-agent environments.

2.2. Reinforcement learning for navigation

With the rapid advancement of artificial intelligence, Reinforcement
Learning (RL) has become a vital paradigm for addressing dynamic
decision-making tasks. Early RL algorithms, such as Monte Carlo and
standard Q-learning [10], were successfully applied to crowd evacuation
[12], robotic motion control [11,13], and UAV trajectory optimization
[14]. However, as environmental complexity increases, the state and ac-
tion spaces expand dramatically, causing these tabular methods to suffer
from the dimensionality explosion problem.

To overcome this, deep reinforcement learning (DRL) algorithms
such as the Deep Q-Network (DQN) [15] and its advanced variants
[16-19] were developed to leverage the perceptual power of deep neural
networks. Recent applications have explored multi-agent coordination
[21-23] and cooperative formation maintenance [20,25] using DRL.
Furthermore, Proximal Policy Optimization (PPO) [26] has emerged
as a leading algorithm for continuous control tasks due to its training
stability and sample efficiency. Furthermore, Gao et al. [35]develops
a decentralized iterative learning control framework for collaborative
tracking with reduced computation. Peng et al. [36] address resilient
consensus control for multi-helicopter slung-load systems, incorporating
vibration suppression, but their control lacks adaptive handling of un-
certain load dynamics and wind disturbances. Collectively, these works
advance trajectory prediction, and cooperative control. Despite these
successes, RL-based navigation faces significant hurdles. First, the re-
ward functions in real-world pedestrian scenarios are highly complex,
dynamic, and difficult to engineer manually. Second, methods rely-
ing on traditional Convolutional Neural Networks (CNNs) or Recurrent
Neural Networks (RNNs) for state processing [27] either provide lim-
ited long-term temporal modeling or incur high computational costs,
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restricting their ability to capture the long-range dependencies crucial
for multi-agent trajectory prediction.

2.3. Imitation learning and sequence modeling in multi-agent environments

Given the difficulties of reward design in RL, Imitation Learning (IL)
[28,29] provides a powerful alternative by utilizing expert demonstra-
tions to guide agent behavior. Generative Adversarial Imitation Learning
(GAIL) [30] formulates IL as a minimax game between a policy and
a discriminator, enabling agents to learn realistic behaviors directly
from expert trajectories. To improve training stability, Wasserstein GAN
variants with gradient penalty (WGAN-GP) [31] have been successfully
integrated into IL frameworks. For multi-agent scenarios, Song et al.
[32] innovatively proposed Multi-Agent GAIL (MAGAIL) to learn coordi-
nated behaviors without depending on handcrafted rewards. However,
existing MAGAIL frameworks are predominantly constrained by simple
Multi-Layer Perceptron (MLP) backbone architectures, leaving consid-
erable room for improvement in handling complex spatio-temporal
data.

Besides, Huang et al. [34] propose trajectory Mamba, an efficient
selective state-space model for trajectory forecasting, demonstrating
improved computational efficiency, but trajectory Mamba lacks real-
world validation under complex occlusions and long-term drift analysis.
SocialGAIL [37] is put forward for realistic crowd simulation in robot
navigation, however, its generalization across cultural contexts and
novel crowd behaviors remains unaddressed. Thereby, the focus on
computational efficiency and decentralized approaches reflects practi-
cal deployment considerations. In addition, incorporating uncertainty
quantification, communication-robust designs, physics-informed learn-
ing for complex dynamics, and multi-cultural datasets would strengthen
practical applicability.

Well-known Transformer models have recently been applied to se-
quential decision-making due to their strong dependency modeling
capabilities. However, their O(n?) attention complexity becomes pro-
hibitive as the number of agents and the length of trajectories increase.
Conversely, RNNs offer linear complexity but inherently struggle with
long-term memory retention.

Recently, Mamba state space models (SSMs) [33] have emerged
as a highly efficient alternative. Through selective state updates and
parallelizable sequence processing, Mamba overcomes the limitations
of both RNNs and Transformers, delivering superior performance with
linear-time complexity. Its ability to handle long, variable-length se-
quences makes it exceptionally well-suited for dynamic multi-agent
environments.

Recognizing the sparsity and variable temporal lengths typical of
pedestrian trajectories, this paper proposes an enhanced framework,
Mamba-MAGAIL. By integrating the Mamba architecture with MAGAIL
and PPO, and incorporating a novel sparsity gate module, our approach
effectively captures latent dynamic motion knowledge and long-range
dependencies, overcoming the architectural bottlenecks of previous
multi-agent simulation models.

3. Details of the proposed framework

This section details the proposed Mamba-MAGAIL framework for
multi-agent crowd trajectory simulation. As illustrated in Fig. 1, the
overall pipeline consists of three primary stages: (1) expert trajectory
data preparation, (2) adversarial imitation learning via the proposed
Mamba-MAGAIL network, and (3) downstream multi-agent trajectory
generation in virtual environments.

During the data preparation stage, high-quality expert trajectories
are extracted from real-world pedestrian datasets, such as ETH/UCY
and Grand Central. To seamlessly bridge real-world data with virtual
3D simulation environments, coordinate transformation techniques are
applied to map image-plane coordinates into the world coordinate sys-
tem. Furthermore, multi-object tracking algorithms (e.g., ByteTrack)
are utilized to augment the dataset, capturing continuous long-horizon
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pedestrian movements. Critical dynamic features—including velocity,
movement direction, and acceleration—are systematically extracted to
provide the network with a comprehensive representation of complex
multi-agent behavioral patterns.

In the training phase, the extracted expert data is fed into the
Mamba-MAGAIL architecture. Through an adversarial learning mech-
anism, the model optimizes multiple objective functions to capture
the underlying motion knowledge and interaction rules of the crowd.
Upon convergence, the trained policy is deployed into virtual simulation
scenarios to independently govern multi-agent navigation, generating
highly realistic and socially compliant interactive trajectories.

3.1. Problem description

Multi-agent pedestrian navigation is formulated as a Markov
Decision Process (MDP), defined by the following core elements:

1. State Space (.5): Comprises the agent’s internal state (e.g., cur-
rent velocity), interactive state (e.g., relative position to the
destination), and external environmental state (e.g., positions and
velocities of neighboring pedestrians and static obstacles);

2. Action Space (A): Formulated as continuous actions representing
linear velocity (v) and angular velocity (w);

3. Reward Function (R): Within our adversarial imitation learning
framework, the primary reward signal is dynamically generated
by the Discriminator to quantify the behavioral similarity be-
tween the generated trajectories and expert demonstrations. This
is further augmented with task-specific constraints, integrating
factors for goal progress, collision avoidance, energy efficiency,
and motion smoothness.

Consequently, the learning objective is to optimize a behavioral
policy #(a|s) that maximizes the expected cumulative reward R, =

E, . [ZLO y'r(s;,a;)|, where © = (sq, ay, 51, a;,...) denotes a trajectory,
y € [0,1) is the temporal discount factor, and r(-) represents the
immediate reward.

3.2. Data preprocessing

In imitation learning, the quality of expert demonstrations directly
determines the upper bound of the learned policy. Undeniably, extract-
ing high-fidelity expert trajectories from real-world surveillance videos
is a critical prerequisite for our framework.

In practical applications, multiobject tracking methodologies fre-
quently employ mapping projection operations to mitigate limitations
in visual correspondence estimation. A notable example is UCMCTrack
[38], which substitutes the conventional Intersection over Union (IoU)
distance metric with a mapped Mahalanobis distance measure. This
approach enhances tracking accuracy by providing a more robust dis-
tance calculation that accounts for spatial uncertainty and correlation
between tracked objects, thereby improving the overall performance of
multiobject tracking systems in complex scenarios.

However, raw trajectory data extracted from video streams often
suffers from sensor noise, missing frames, and perspective distortion (be-
ing based on image pixel coordinates). To enable rigorous quantitative
training and ensure the physical plausibility of the generated behaviors,
data ingestion, homographic transformation, and trajectory interpola-
tion with temporal filtering are performed. The specific procedures are
outlined as follows:

Data ingestion.  Given a raw pedestrian video spanning a spatial
domain S and temporal duration T, multi-object tracking algorithms
are deployed to extract initial pedestrian trajectories, denoted as @1
(where N is the number of pedestrians). A rigorous filtering step is
then performed to eliminate anomalous data. Specifically, trajectories
associated with tracking errors, non-pedestrian entities, or physically
implausible motion patterns (e.g., sudden teleportation or prolonged
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Fig. 1. Overview of the proposed Mamba-MAGAIL framework. The pipeline comprises three main stages: expert dataset preparation, model training via adversarial
imitation learning, and deployment for trajectory generation in virtual scenarios. The core Mamba-MAGAIL architecture features three distinct Mamba-based backbone
modules (Actor, Critic, and Discriminator) and employs an attention mechanism to fuse multi-agent state features for effective Proximal policy optimization (PPO)

training.

unnatural immobility) are systematically excluded to ensure the behav-
ioral authenticity of the expert dataset.

Homographic transformation. The raw trajectories in d)@ are ini-
tially expressed in 2D image pixel coordinates, which are subject to
camera perspective distortion and lack physical scale. To convert these
into metric world coordinates, a perspective transformation matrix M is
applied.

Assuming pedestrians move on a planar surface (i.e., Z = 0), the
transformation maps 2D image coordinates(u,v) to homogeneous 3D
world coordinates (X, Y, Z) as follows Eq. (1):

%' =~ ><z

u
=M=x|v (@)
1

where M € R¥3 is the homography matrix derived from known corre-
spondences between image pixels and real-world reference points. The
standard metric world coordinates, (X,Y) are subsequently obtained
via normalization: X = W, Y = :;/ This transformation ensures that
the imitation learning model processes physically meaningful spatial

representations.

Trajectory interpolation and temporal filtering. Due to occlusions or
sensor limitations, @ﬁ may occasionally contain missing frames. To en-
sure the temporal continuity required by sequence models like Mamba,

an adaptive interpolation mechanism is employed. Let ¢; € cD]TV denote
the observed discrete trajectory points for pedestrian i between their
first observed frame ¢,,;, and their last observed frame 7,,,,.

The continuous fitted trajectory ¢, is defined as follows Eq. (2).

|1 >3

otherwise

R A(¢Z"""’tm‘” x, )
¢ = (2

F(¢§minv’max (X, y))

where A and I represent spline interpolation and linear interpolation, re-
spectively, and |¢;| denotes the number of available observation points.
Finally, to align the interpolated trajectories with the discrete temporal
intervals used by the predictive model, a temporal filtering mask w is
applied to ¢, as Eq. (3).

N 1 1 [, fmex]
o(¢) = 3)

0 otherwise

This alignment ensures that all expert demonstrations are chronologi-
cally consistent and compatible with the recurrent step updates of the
proposed multi-agent framework.

3.3. Details of proposed framework

The proposed Mamba-MAGAIL architecture forms the core of
the MAGAIL framework. To effectively model the highly dynamic
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Fig. 2. Illustration of agent state information. The spatial awareness is divided
into three distinct zones: the agent’s self-state, the interactive state reflecting
environmental goals, and the external state focusing on collision avoidance with
dynamic neighbors.

interactions in pedestrian navigation, each agent learns a continuous ac-
tion policy modeled as a Gaussian Mixture Model (GMM), with a shared
encoder that captures both spatial neighbor interactions and temporal
motion dynamics.

3.3.1. State representation

In a multi-agent environment, an agent must process not only its own
kinematics but also the contextual information of its surroundings (illus-
trated in Fig. 2). For a given agent i, its state observation at timestamp
t, denoted as 02, is formulated as the concatenation of three components
as 0; = {s;elf’ Sznt’ s’exl}'

Self state sie 17 € R! encodes the agent’s scalar self-state (e.g., current

velocity), interaction state s’ € R® encodes goal-directed and kinematic
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interaction features (e.g., relative goal distance and heading, relative
velocity, etc.), and external state s| € RX*8 encodes the relative states
of up to KX = 20 neighboring pedestrians and obstacles in the current
frame. Consequently, to efficiently process sequential data, a temporal
state buffer of fixed length 7 = 20 is implemented to accumulate per-
step tuples throughout the episode. This fixed-size buffer standardizes
sequence length across all training samples. For episodes shorter than
T steps, zero-padding is applied to maintain consistent dimensionality,
enabling seamless batch processing and compatibility with the model
architecture.

3.3.2. Agent encoder

In conventional MAGAIL frameworks, state features are typically
processed using Multi-Layer Perceptrons (MLPs), which struggle to cap-
ture complex, long-term sequential dependencies. To overcome this, we
introduce an agent encoder to extract dynamic motion cues from sequen-
tial pedestrian data with linear computational complexity. Specifically,
the encoder processes the temporal state buffer and produces a unified
feature vector via two parallel branches (i.e., Branch A and Branch B).

Ego temporal encoding.  To efficiently process these temporal inputs,
we employ a dual-stream Mamba block structure (shown in Fig. 3) as the
temporal encoder H*. In particular, the concatenation of s, and s,
across 7 timesteps forms a sequence X4 € RN*X7>? which is passed
through a Mamba-based temporal encoder HA. The output feature is
h4 = HA(XA) c RNx32,

Spatial-temporal encoding. The proposed module implements a so-
phisticated two-stage feature processing pipeline that systematically
integrates spatial and temporal information to generate comprehensive
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Fig. 3. Overview of the proposed AgentEncoder paradigm architecture. The temporal state buffer at the top is sequentially populated with state information ex-
tracted from expert trajectory datasets, encompassing three fundamental components: self-state (representing individual agent properties), interactive state (capturing
inter-agent relationships), and exterior state (reflecting environmental context). Subsequently, appropriately sampled rollout sequences are processed through the
AgentEncoder module, which comprises two principal branches, i.e., Branch A and Branch B. Additionally, a spatial aggregator is used for feature extraction and
a Mamba block for sequential state encoding. This modular design enables efficient feature representation learning while maintaining explicit separation between

spatial feature aggregation and temporal sequence modeling mechanisms.
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spatial-temporal representations. Initially, the module undergoes a re-
shaping operation on the exterior state feature, which is subsequently
transmitted to the spatial aggregator in conjunction with a neighbor
mask that delineates relevant spatial relationships within the feature
space.

The spatial aggregator itself is architected as a series of linear trans-
formation layers interspersed with Sigma activation functions, which
facilitate non-linear feature mapping while maintaining computational
efficiency. Following this foundational processing, a multi-head atten-
tion mechanism is integrated to enable the selective fusion of correlated
spatial features by allowing the model to dynamically weight and com-
bine information from multiple spatial dimensions simultaneously. The
computational flow continues with the sequential application of a sparse
gate module and residual connection pathways, both of which con-
tribute to improved gradient propagation and effective feature preser-
vation throughout the network depth. A LayerNorm normalization layer
then standardizes the spatial features X8 € RN*7*32 ensuring sta-
bility and consistency in the feature distributions before downstream
processing.

Subsequently, the module transitions to temporal feature extraction
by employing a Mamba temporal module, which is specifically designed
to capture complex temporal dependencies and sequential patterns in-
herent in the exterior state data. This temporal processing effectively
distills meaningful temporal relationships that complement the previ-
ously extracted spatial information. The architecture concludes with
a final LayerNorm operation that normalizes and consolidates the in-
tegrated spatial-temporal features, producing a unified representation
h? = HE(X?) that encapsulates both spatial structure and temporal dy-
namics for downstream tasks or applications requiring comprehensive
multi-dimensional feature understanding.

Feature fusion mechanism. The abovementioned two branches are
concatenated and projected into the feature z € RV*160 as described in
Eq. (4).

z= é(MLP(hA ®h® )> @

where & is the layer normalization function, and MLP represents the
multi-layer perceptron.

3.3.3. Spatial aggregator with multi-head attention

For tasks requiring explicit neighbor weighting (e.g. social force com-
putation), a multi-head attention (MHA) module aggregates the spatial
neighbor features s € RVN*X*d with a validity mask m € {0,1}V*X, The
output feature O can be denoted as Eq. (5).

O:&(MHA[&(SOm),s,s,rvm] +¢°y(s®m)> (5)

Where, the term ¢ is the Mean Pooling operator, and © is the masked
multiply operator. Besides, for the MHA module, the number / of heads
is empirically set, i.e., / = 4. The complete procedure encompassing the
state encoder and observation representation is illustrated in Fig. 3.

3.4. Actor-critic networks

The complete adversarial architecture relies on three distinct net-
works: the Actor, the Critic, and the Discriminator, all of which leverage
the extracted Mamba features (illustrated in Fig. 4).

Actor network.  Actor network concatenates the outputs of the dual-
stream Mamba blocks, resulting in a 160-dimensional fused feature
vector (32 + 128). A final Mamba block maps these fused features
to the parameters of a Gaussian Mixture Model (GMM) with K = 3
components. Given the encoded state ¢(s) € R!0, the actor network
produces the feature h, = H(¢(s)). In this manner, the output is par-

titioned as h, = p . M c 6, , p |. Thereby the
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Fig. 4. Overview of the proposed Mamba-MAGAIL network architecture, high-
lighting its three principal components: (a) the Actor, (b) the Critic, and (c)
the Discriminator. The feature extraction backbone incorporates dual-stream
Mamba blocks, a selective gating logic module, and a linear output layer
equipped with a sparsity gate.

mixture distribution is shown as Eq. (6).

K
w(als) = ) peN(@; u(s), Zi(s) 6)
k=1

Here, p, denotes the mixing probabilities, while x, and X, repre-
sent the mean and covariance matrices, respectively, and N refers to the
normal distribution.

Critic network.  In parallel, the Critic network employs an identical
Mamba-based feature extraction pipeline to map the state observa-
tions to a scalar state-value estimate V' (s), which is used to compute
advantages during PPO updates. Finally, the Discriminator evaluates
the realism of the generated state-action pairs against the expert data,
providing the adversarial reward signal that guides the Actor.

Discriminator network. The discriminator D,, is formulated in ac-
cordance with the Wasserstein Generative Adversarial Network with
Gradient Penalty (WGAN-GP) framework. It operates on the concate-
nation of the raw policy feature vector f,,;., € R!® and the action
a € R?, yielding the expression D,,(ficy» @) = H(f poricy & a) + €, Where
€, ~ N(0,0.1) denotes an instance noise term introduced to enhance
training stability, as further illustrated in Fig. 3(c).

3.5. PPO-MAGAIL joint optimization

In scenarios guided by expert demonstrations, the proposed frame-
work integrates Multi-Agent Generative Adversarial Imitation Learning
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(MAGAIL) with a Mamba-enhanced Proximal Policy Optimization
(PPO) mechanism. This combination allows the agents to learn ro-
bust sequence-dependent behaviors without relying on manually engi-
neered reward functions. The details of the Actor-Critic module and the
Discriminator network are presented below.

3.5.1. Objective functions of the proposed module

To incorporate Mamba’s superior sequence modeling capabilities
into the PPO algorithm, we adapt the Actor-Critic (AC) update mech-
anism. To reduce the variance in advantage estimation, Generalized
Advantage Estimation (GAE) is employed. The advantage A, is defined
as A, = Y20 x A8, ;, where 8, = r, + yV(s.4;) = V(s,) represents
the temporal difference (TD) error, and A € [0, 1) is the GAE smoothing
parameter.

The policy is optimized using a clipped surrogate objective, J-;;p
which prevents destructively large policy updates as shown in Eq. (7):

Jcrrp = min [ptAr’ clip(p,, l-e1+ 6)&] )

7(ayls,)
Told (a|st)
previous policies, and e controls the clipping bounds.

Simultaneously, the Critic network is trained by minimizing the
Mean Squared Error (MSE) between the predicted value and the dis-

counted returnR,, formulated as J, . = E, [(V¢(s,) - f{,)z]. To encourage

Where, p, = is the probability ratio between the current and

sufficient exploration and avoid premature convergence, an entropy
bonus Jpyr = H(my(-|s)) is introduced. The overall objective of the
Mamba-MAGAIL module to be maximized is given by Eq. (8).

J =Jcrrip = 4opIve + AemJENT (€))

Here, A,, and 4,,, are weighting coefficients for the value and entropy
terms, respectively. In this work, we empirically set 4,, = 0.5. The en-
coder is updated end-to-end jointly with the actor and critic in each PPO
epoch. The entropy coefficient Ay is adaptively adjusted based on the
approximate KL divergence. In this regard, the term Agyy is increased
when KL < §/2 and decreased when KL > 26, with 6 = 0.01.

3.5.2. Discriminator loss

As illustrated in Fig. 4(c), the Discriminator network utilizes a
Mamba-based architecture, denoted as D, ,to differentiate between ex-
pert trajectories (r;) and those generated by the Actor policy (r,). The
discriminator evaluates state-action pairs using the formulation D,, =
o(O(&(s, a))), where, @ denotes concatenation, O represents the output
of the Mamba discriminator blocks, and ¢ is a sparsity gate designed to
filter out invalid predictions and enhance computational efficiency.

To guarantee stable adversarial training and prevent mode collapse,
the Wasserstein GAN with Gradient Penalty (WGAN-GP) framework is
adopted. The optimization objective for the Discriminator is formulated
as Eq. (9):

JIp =Ex [D(s,a)] -E,.r [D(s,a)] + /IGPIEf[(‘ VfD(f)“z - 1>2] ©

where # denotes interpolated state-action pairs linearly sampled be-
tween the expert data and the generated data, and A;p regulates the
strength of the gradient penalty. Concurrently, the Actor policy acts as
the generator, optimized to maximize the discriminator’s output. The
discriminator’s output is therefore integrated into the PPO environment
as an augmented reward signal: 7, = r, + nlog(D,,(s;, a,)). This forces
the agent’s generated trajectories to closely align with expert behav-
iors. The overarching Mamba-MAGAIL training procedure is detailed in
Algorithm 1.

3.5.3. State representation heterogeneity and normalization

In our state-space model, the state representation is formed by con-
catenating three heterogeneous components that can exhibit substan-
tially different numerical ranges, and the absence of explicit normaliza-
tion may therefore impede gradient-based optimization in architectures
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Algorithm 1: Mamba-MAGAIL training algorithm.

Input: Expert dataset
E e = {7p },initial policy
7p,discriminator
]D)u,,hyperparameters (Agp>m)
Output: optimized policy 7, and discriminator D,,
Initialize Mamba-based discriminator D,;
2 for each episode do
3 Collecdt agent tranjectories 7, using current policy zy;
/* Discriminator update phase */
4 for each epoch e do
Sample expert batch S, ar from D and agent
batch(s,,a,) from z,;
Compute ]Dw(s,,ya”) and D, (sg, ag);
Compute gradient penalty using interpolated §, 4;
Update y to minimize Lp;
Fo=r + ﬂlOg(D.,,(st a));
10 Update discriminator learning rate scheduler;
11 if convergence criteria met then
12 L break;

—-

5}

© ®© N o

such as Mamba. To address this concern, we apply per-component
Z-score normalization during a 50-episode warm-up phase, using the

transformation §; = {clamp(l"_—fe’, —575)} with temporal window 7 =
20. Here, y; and o; denote the empirically estimated mean and stan-
dard deviation for each state component, ¢ = 108 ensures numerical
stability, and the clamp bounds [-5, 5] limit the influence of statistical
outliers (e.g., rare collision events). After normalization is introduced,
we conduct a related sensitivity analysis to confirm that concatenat-
ing the normalized components remains informative and improves or
stabilizes downstream learning.

4. Experiments

The primary objective of this section is to rigorously evaluate the
performance of the proposed Mamba-MAGAIL framework for multi-
agent crowd simulation and trajectory generation. We aim to empirically
substantiate that integrating the Mamba State Space Model (SSM) pro-
vides a distinct advantage in capturing complex, long-range temporal
dependencies within dense crowd interactions.

As discussed in Section 2, conventional crowd simulation methods
predominantly rely on either rigid rule-based systems (e.g., social forces)
or standard Recurrent Neural Networks (RNNs). While these baselines
generate plausible local behaviors, they frequently fail to model the in-
tricate, non-deterministic interactions that evolve over extended time
horizons. Rule-based models struggle with generalizability in novel,
dynamic environments, whereas RNN-based approaches suffer from van-
ishing gradients and high computational costs when applied to long
sequences with numerous interacting agents.

By contrast, the proposed Mamba-MAGAIL framework addresses
these bottlenecks. The selective state-space mechanism of the Mamba
blocks efficiently manages long trajectory sequences with linear com-
putational complexity, allowing the model to capture subtle spatio-
temporal interactions over extended periods. Coupled with the adver-
sarial imitation learning (MAGAIL) objective, the framework learns
directly from real-world expert demonstrations, ensuring the gener-
ated multi-agent trajectories are both physically plausible and socially
compliant.

Expert trajectory data is sourced from three widely recognized pedes-
trian datasets—ETH/UCY, the Stanford Drone Dataset (SDD), and Grand
Central Station (GC)—to ensure diverse and realistic training scenarios.
To enhance environmental realism, non-RL agents serving as dynamic
obstacles are governed by the Social Force Model (SFM), which evaluates
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pairwise interactions, while periodic random resets at constant time
intervals are applied to improve robustness. Denoting the number of
pedestrians as N and the time horizon as 7, environment stepping in-
curs a worst-case complexity of O(N?) per time step and O(7 - N'?) per
episode; however, spatial partitioning reduces this to O(T - N log N)
in practice. Each agent i observes a self-state s;elf € R, intra-group in-
teractions s{ € R®, and external context s, € R?™#, yielding a fixed
observation size of 169. The Mamba architecture processes this input
with O(L-d) complexity per agent per step, remaining linear in sequence
length and thereby avoiding the prohibitive O(72) cost associated with
standard attention mechanisms.

4.1. Settings and metrics

The hardware and software configurations used to execute the
experimental framework are detailed in Table 1. Furthermore, the pri-
mary hyperparameters for training the Mamba-MAGAIL framework are
summarized in Table 2.

To evaluate the performance of our proposed approach against
SocialGAIL [37], Final Displacement Error (FDE), Fréchet Distance,
and Hausdorff Distance were employed. Specifically, FDE measures
the Euclidean distance between predicted and ground-truth endpoints,
providing a direct assessment of prediction accuracy at the trajectory
terminus. Fréchet Distance captures the similarity between trajectory
curves by computing the minimum distance between corresponding
points along the paths. Hausdorff Distance evaluates the maximum devi-
ation between trajectories, thereby identifying the worst-case prediction
errors. These metrics collectively offer a comprehensive evaluation
framework for assessing trajectory prediction quality across different
spatial scales and temporal characteristics.

Furthermore, to ensure thorough assessment of the proposed frame-
work’s effectiveness, we employ a comprehensive suite of metrics that
capture performance across multiple scales. These metrics encompass
microscopic measures that evaluate individual-level behaviors, such as
decision-making patterns and agent interactions, alongside macroscopic
measures that assess crowd-level dynamics, including aggregate flow
patterns and collective phenomena. This dual-scale approach enables

Table 1
Details of experimental settings.

Name Value

Operating System Ubuntu 24.04

CPU Intel Xeon Gold 5218R

GPU NVIDIA GeForce RTX 4096

RAM DDR4 128 GB

Physics Engine Unity3D

Programming Languages Python & C#

Table 2

Primary experimental parameters during training

stage.
HyperParameters Value
Expert’s data time horizon 7 60
Number of pedestrains N 20
Maximum Episode Per-Step 20
Number of Obstacles 10
Batch size B 20
Maximum Episodes T,, 10,000
Generator’s epochs 128
Discriminator’s epochs 10
Discounted rate y 0.95
Learning rate of Actor le-4
Learning rate of Critic le-4
Learning rate of Discriminator 5e-5
Environmental randomly updated interval 1000
Number of Mamba layers £ 2
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systematic validation of both the framework’s granular behavioral ac-
curacy and its capacity to replicate realistic large-scale social dynamics,
thereby providing robust evidence of overall system performance.

(1) Microscopic Metrics:

Count of collisions (Q.,,). Count of Collisions Q.,, quantifies the
number of instances in which the inter-agent distance falls below a
predefined minimum safety threshold d as Eq. (10). In this study,
the threshold d (i.e., the radius of social force model w;,,) is set
to 0.1 m based on empirical observations conducted, meaning that
any two agents approaching within this proximity are registered
as a collision event (it is detailedly explained in sensitivity analysis
section).

0(d) = i ﬁ‘, 1(3 ¢ -0 <4) 10

t=1 i=1

The indicator function I is employed to detect collision events,
where p;(r) represents the spatial coordinates of agent i at time 7.

Displacement (D). Tt refers to the average stepwise movement
distance per agent, quantifying the mean spatial shift an agent un-
dergoes between consecutive steps throughout the simulation, as
defined in Eq. (11).

=

~ 1N 1 T:—1

Where, T; represents the total visible time stems for pedestrian i.

Speed deviation (Speed 0). It is a metric that quantifies the aver-
age perpendicular distance between a pedestrian’s actual trajectory
and the ideal straight-line path connecting their origin to their
destination, as formalized in Eq. (12).

P+ 1) —p,-(t)”) 1)

T |Ax;(t)+ By;(1)+C
i gf VA2 + B2

Where Ax + By + C = 0 is the standard line equation derived
from the start and goal coordinates.

[=

a2

<
]

~

Speed change rate. (Velocity Avp) It is defined as the absolu-
tive speed squared norm change of agent i between consecutive
timesteps, formally expressed as Ad; = ||v;(t + D|| — ||v;(1)]|, as pre-
sented in Eq. (13). A lower magnitude of Av indicates smoother
locomotion with minimal abrupt accelerations or decelerations,
which is generally desirable for energy efficiency and trajectory
stability.

A R At
A=~ ; T <§f |Aﬁ,.() (13)

Direction change rate (Angle AQ). It quantifies the average angu-
lar deviation of an agent’s trajectory, normalized within the range
[-=, ], serving as a key indicator of collision avoidance capability.
A higher value of this metric reflects a greater capacity for dynamic
obstacle avoidance, as it signifies more pronounced directional ad-
justments during navigation.The overall Direction Change Rate A6
is then computed as the normalized average across all agents and
timesteps, as formulated in Eq. (14).

N T;-1
1 1
A= — > [ﬁ Z‘ ’Aai mod 27

i=1

] a4

Here, the operator mod denotes the modulo operator, a mathemat-
ical function that returns the remainder of a division operation,
thereby constraining the resulting value to a defined range.
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Energy consumption (Energy E,). It is a physically grounded met-
ric derived from fundamental mechanical principles. By assuming
a standardized agent mass of m = 60kg, the energy consump-
tion can be formally defined and quantified through a consistent
and reproducible framework. The precise mathematical formula-
tion governing E, is presented in Eq. (15), where the underlying
physical relationships are explicitly established.

L1 [0
E =— = ( +
w27 [ nlerel

In this formulation, the parameters ¢, and e, represent constant
coefficients that govern the behavior of the model. For the pur-
poses of this study, these coefficients are assigned fixed values of
e, = 2.23 and e, = 1.26, respectively. These values were care-
fully selected based on empirical calibration and are held constant
throughout all analyses presented herein, ensuring consistency and
reproducibility of the results.

v,—(t)“2>dt> (15)

Steering energy (Steer E,). It captures the cumulative effect of
acceleration and deceleration events, providing a comprehensive
measure of how dynamic speed changes influence overall energy
consumption. By incorporating this parameter into the evalua-
tion framework, it becomes possible to assess driving efficiency
more accurately and identify opportunities for optimizing energy
use through smoother speed regulation, as formally expressed in
Eq. (16).

1| 1
ES:N;[_Ti—lfrﬂ m(ex+ew|

(2) Macroscopic Metrics:

Average speed difference (Av). It is a macroscopic metric used
to evaluate the fidelity of pedestrian simulations by comparing
the mean pedestrian speed observed in real-world environments
against that produced by simulated models as shown Eq. (17). This
metric provides a high-level assessment of how accurately a sim-
ulation captures overall pedestrian movement dynamics, without
focusing on individual trajectories. A smaller Av value indicates
a higher degree of alignment between the simulated and ob-
served pedestrian speeds, reflecting a more realistic and reliable
simulation performance.

1 T
Av = T z
1=1

,() and 7,

The variables v,,, mir(1) denote the average speed of visi-
ble pedestrians at time ¢ in the real dataset and imitation scenario,
respectively. This metric is derived by aggregating the instanta-
neous velocities of all pedestrians present within the observable
field at each given moment, thus offering a collective measure of
pedestrian flow dynamics.

ui(t)‘|2>dt] (16)

Boat () —Eim,-mH a7

Structural similarity (SSIM). SSIM is applied to compare pedes-
trian distribution heatmaps, providing a more perceptually mean-
ingful measure of similarity than pixel-wise error metrics as
formulated in Eq. (18).

Cpipy + C)(201p + Cy)

SSIM(I,, L) =
(Mf + ﬂ% + C1)(0'f + 0% +G)

(18)

In this formulation, I, and I, represent the heatmaps corre-
sponding to the real and simulated scenarios, respectively. The
statistical parameters u; and u, denote their respective mean val-
ues, while ¢, and o, capture their variances, and o, quantifies the
covariance between the two heatmaps. To ensure numerical stabil-
ity, the terms C; = le™> and C, = le™> are introduced, preventing
unstable outputs in the similarity metric.
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Fig. 5. The performance of our framework was evaluated using four distinct
training and testing environments. In 2D, we employed random, circle, cor-
ridor, and crossing layouts to assess fundamental navigation capabilities. To
further test the framework’s robustness, complex 3D environments developed
in Unity3D were also used, providing a simulated real-world setting for rigorous
validation of its efficacy.

For benchmarking, we evaluate our Mamba-MAGAIL framework
against five representative methods: Multi-Agent Optimal Reciprocal
Collision Avoidance (ORCA) [8], Social Force Model (SFM) [9], MAGAIL
[32], standard PPO [26], LSTM-Attention [24] and SocialGAIL [37].

4.2. Comparison and analysis

To rigorously verify the effectiveness of the proposed method, exten-
sive quantitative and qualitative comparative experiments were carried
out. Performance was evaluated based on six key metrics across four dis-
tinct scenarios: Random, Circle, Corridor, and Crossing. These scenarios
were chosen because they represent fundamental navigation challenges
commonly encountered in real-world environments, thereby enabling
a thorough and convincing assessment. The 2D training and corre-
sponding 3D testing environments for these scenarios are illustrated
in Fig. 5.

4.2.1. Quantitative experiments

Extensive experiments were conducted to evaluate the proposed
method across multiple metrics on the ETH/UCY, GC and SDD datasets,
respectively. The results are summarized in Tables 3-5.

As shown in the tables above, our framework achieves the best
performance across most evaluation indicators. In particular, the SSIM
metric exhibits outstanding results, demonstrating the benefits of learn-
ing from real-world datasets. This allows our approach to generate
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Comparison of our framework with other methods on the ETH/UCY dataset: bold text indicates the best result, and
underlined text indicates the second-best. Blue column headings represent macroscopic indicators.

Criteria
Methods Speed? Displacement]  Deviationt  Velocity?  Anglet Energyt Steer? SSIM 1T
PPO [26] 0.698 0.251 8.389 0.256 0.0278 8.525 12.95 0.85
LSTM-Attention [24] 0.75 0.268 8.45 0.245 0.037 8.66 15.102 0.86
MAGAIL [32] 0.7218 0.0282 8.3749 0.0317 0.0299 8.4682 13.785 0.87
ORCA [8] 0.3179 0.058 8.5449 0.0189 0.0284 4.8894 8.1612 0.8075
SFM [9] 0.3298 0.0361 8.4985 0.0179 0.0205 4.6596 8.1751 0.78
Ours 1.0367  0.0149 8.3356 0.0192 0.0222 87684  15.863  0.9054
Table 4

Comparison of our framework with other methods on the GrandCentre (GC) dataset: bold text denotes the best result,
and underlined text indicates the second-best. Blue column headings represent macroscopic indicators.

Criteria

Methods Speed?  Displacement|  Deviationt  Velocityt  Anglet Energy? Steer? SSIM 1T
PPO [26] 0.641 0.0291 11.389 0.048 0.0408 8.825 13.075 0.86
LSTM-Attention [24] 0.706 0.03 12.45 0.045 0.037 8.79 13.52 0.86
MAGAIL [32] 0.1226 0.0274 12.725 0.051 0.0477 4.2736 8.3756 0.877
ORCA [8] 0.6064 0.0562 12.8875 0.0253 0.0375 6.7761 10.1153 0.7699
SFM [9] 0.1925 0.0367 12.9382 0.0261 0.033 5.203 9.2633 0.819
Ours 0.648 0.0101 12.71 0.0528 0.0429 9.2639 13.729 0.9065
Table 5

Comparison of our framework with other methods on the SDD dataset: bold text denotes the best result, and
underlined text indicates the second-best. Blue column headings represent macroscopic indicators.

Criteria

Methods Speedt Displacement| Deviationt Velocityt Anglet Energy? Steert SSIM1
PPO [26] 2.18 0.11 26.02 1.25 0.79 38.78 43.08 0.89
LSTM-Attention [24] 2.16 0.13 28.95 1.39 0.71 42.94 47.58 0.91
MAGAIL [32] 2.33 0.04 28.75 1.56 0.77 42.08 49.25 0.90
ORCA [8] 2.42 0.15 30.25 1.49 0.84 35.25 28.69 0.86
SFM [9] 1.28 0.27 27.97 1.47 0.86 37.89 48.02 0.83
Ours 2.34 0.05 29.05 1.61 0.83 45.77 49.25 0.96

realistic imitation outcomes, a crucial factor in accurately simulating
real-world scenarios. Moreover, for macroscopic indicators such as
speed, our framework exhibits superior capability in simulating col-
lective crowd behaviors. Overall, in most microscopic indicators, our
method consistently achieves top results, clearly demonstrating its
overall superiority.

Furthermore, as discussed earlier, four representative virtual scenar-
ios were designed to evaluate performance in terms of time consumption
and collision occurrences. The comparative results are shown in Fig. 6.

To evaluate our approach against attention-based mechanisms, we
conduct a comparative analysis with SocialGAIL on the GC dataset,
utilizing results reported in the original paper. To ensure a fair and
convenient comparison, we employ standardized evaluation metrics to
assess performance consistency. The comparison employs three pri-
mary indicators: Frechet Distance, Final Distance Error (FDE), and
Hausdorff Distance. These metrics collectively provide a comprehensive
assessment of trajectory prediction accuracy and spatial deviation. The
experimental results are presented below Table 6.

Additionally, four imitation environments—crossing, corridor, cir-
cular, and random—were developed to represent typical real-world
scenarios with 10 random static obstacles. Total time consumption
and the number of collisions were used as performance indicators. As
shown in Fig. 6, although our framework does not achieve the shortest
pathfinding time, compared with ORCA and SFM—which excessively
prioritize minimizing time consumption while partially neglecting colli-
sion avoidance—our framework ensures that almost no collisions occur.
This advantage stems from learning patterns observed in real-world
datasets, where most pedestrians prefer to wait rather than forcibly
moving forward and risking collisions. Consequently, our framework
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emphasizes collision avoidance in every form, making it particularly
well-suited for simulating realistic crowd movement behaviors.

4.2.2. Qualitative experiments

In this section, qualitative comparison experiments are conducted to
demonstrate explicit results. A heatmap is used to visually present the
similarity between our approach and other methods.

Fig. 7 displays the heatmaps for the ETH/UCY and GC datasets.
The degree of crowd activity represents pedestrian density. It is clear
that our proposed method is best suited for benchmark evaluations.
Compared with the benchmark, our framework provides a more accurate
representation of key areas with high crowd activity.

4.2.3. Sensitivity analysis

To effectively assess the robustness of the proposed framework and
identify influential factors, we performed a one-factor-at-a-time sensitiv-
ity analysis. Specifically, for each parameter, we varied its value while
keeping all other settings fixed, and evaluated performance using the
final evaluation episodic reward. We report the mean reward i, and its
standard deviation oy across evaluation rollouts. In addition, we report
the arrival rate (i.e., fraction of agents reaching the given goal) to offer
a task-level success indicator beyond reward.

Sensitivity results.  As Table 7 shows, the observed sensitivity across
all tested parameters is presented. Overall, the method is highly robust
to the interaction geometry parameter (the radius of the Social Force
model), while it exhibits greater sensitivity to the exploration regularizer
(Entropy) and to task difficulty changes induced by N, (crowd den-
sity). Besides, seed to seed variability is also non-negligible, reinforcing
the need for multi-seed reporting.
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Fig. 6. Comparison results between our method and others across four different virtual scenarios—Circle, Corridor, Crossing, and Random—in terms of time
consumption and collision count based on a static obstacle scenario. The collision count is indicated on the bar chart.

Table 6
Comparison of our framework with other methods on
Grand Center dataset (Bold indicates the best).

Methods Frechet| FDE| Hausdorff|
SocialGAIL [37] 3.8 0.44 285.5
RadialGAIL [37] 4.31 1.41 341.0
SocialBC [37] 4.50 2.01 343.1
RadarRNN 6 4.4 380.5
Ours 2.75 0.36 219.5

PPO hyperparameters.  Entropy coefficient (Entropy 4,,) has the
strongest impact among the PPO-related factors. In fact, moderate en-
tropy (10~2) yields the best mean reward (uy = —2.876), whereas overly
large entropy (10~!) substantially degrades performance (s = —5.263),
corresponding to 5, = 2.408. The arrival rate remains low across the
sweep (k. € [0.017,0.083]), suggesting that entropy primarily affects in-
teraction quality and reward shaping rather than dramatically changing
success frequency.

Environmental factors. Crowd density (W, ped) affects both reward
and variablity. Increasing to 80 pedestrians produces the worst mean
reward (up = —3.696) and the highest dispersion (almost o = 1.218),
while 40 pedestrians yields the best mean reward (ug = -2.596).
Notably, the arrival rate ,, increases with density in our runs («,,,. up to
0.25), implying that the reward is influenced by more than pure success
or failure (e.g., efficiency, collision penalties or comfort terms), and that
density alters the interaction regime in a way that changes the reward
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trade-off. Scenario reset frequence (4,,44.) has a comparatively small
effect (6ug = 0.422). The setting 100 achieves the best mean reward
(pug = —2.592) and a higher arrival rate (x,,, = 0.150), while higher reset
values cluster near up, ~ 0.089. This suggestis performances is not domi-
nated by reset artifacts, although resets may modestly improve learning
conditions.

Stochasticity and reproducibility (SEED). Random seed changes in-
duce moderate fluctuations (6up = 0.605,«,,,. € [0.067,0.183]), consis-
tent with stochasticity from initialization and sampling. Consequently,
results are averaged over multiple seeds, particularly when comparing

methods with small expected margins.

Interaction geometry w,r,,. It has a negligible effect on performance
(i.e., 6ug = 0.0049) and does not change arrival rate «,,,.. This indicates
that the learned policy and environment interactions are effectively
invariant to this geometric scale.

To assess the effectiveness of state representation heterogeneity and
normalization, a sensitivity analysis was conducted on the normalized
state encoder using the SDD dataset. The SDD dataset contains densely
populated scenarios that may insufficiently capture local social con-
text. The findings are presented in Table 8, which demonstrate the
impact of normalization techniques on model performance and state
representation quality.

Table 8 presents comprehensive evidence of the proposed method’s
robustness across reasonable hyperparameter configurations. The nor-
malization bounds demonstrate minimal sensitivity, with final displace-
ment error (FDE) variations not exceeding 0.08 meters across tested
ranges, thereby validating the selection of [—5, 5] as appropriate
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Fig. 7. Heatmap comparison of various methods applied to two real-world
datasets—ETH/UCY and GC. The first row shows the benchmark results for the
real datasets. It should be noted that, due to the high similarity between the PPO
and LSTM-Attention methods, their combined heatmap results are presented.

bounds. The designated warm-up period of 50 episodes effectively bal-
ances statistical accuracy with computational efficiency. Furthermore,
the relatively modest convergence change number indicates stable
and reliable training dynamics, confirming that the method main-
tains consistent performance without requiring excessive fine-tuning of
hyperparameters.

4.2.4. Ablation studies

To systematically evaluate the contribution of each component
within the proposed Agent encoder paradigm, comprehensive abla-
tion experiments were conducted. A key methodological consideration
involved the treatment of static obstacles, which inherently present
challenges in capturing temporal dynamics. To address this limitation,
obstacles were modeled as dynamic entities driven by a social force
model, thereby enhancing the framework’s capacity to process temporal
long-sequence information. The Agent encoder architecture comprises
two primary branches: Branch A and Branch B. Branch B integrates a
spatial aggregator and a temporal Mamba encoder to facilitate sophis-
ticated feature extraction. Performance evaluation was conducted using

Table 7

Table 8
Sensitivity analysis on state representation heterogeneity and normalization.
GC Parameter Baseline Variation A FDE (m) A Conv. (%)
Clamp bounds [-5,5] [-3,3]1 [-10,10] +0.08 + 0.06 +3.2 + 2.1
Warm-up episodes 50 20 100 +0.15 -0.04 +7.5-1.2
Temporal window 7 20 10 30 +0.22 —-0.06 +9.8 —2.4

Table 9
Ablation study results showing the effects of different
architectural components on the SDD dataset.

Paradigm Collisions | ~ Reward 1
Full 80 -1.12
w/o Branch A (Spatial only) 368 —2.84
w/o Branch A 362 —-2.71
w/o Branch B (self-state only) 184 —-2.99
w/o Temporal mamba encoder 368 —-2.99
only Self mlp 320 —3.57
only Spatial aggregator 160 -3.17
Branch A + Spatial aggregator ~ 192 —2.48

two primary metrics, count of collisions across all episodes and aver-

L
o
comprehensive insights into both safety and efficiency aspects of the pro-
posed approach. Detailed results of the ablation study are presented in
Table 9, which systematically demonstrate the individual contribution
of each architectural component to overall system performance.

The ablation study presented in Table 9 reveals a clear distinc-
tion in the modeling capabilities of different architectural components.
The Branch A architecture combined with spatial aggregation primar-
ily captures only individual dynamic features, such as ego-vehicle speed
and acceleration, while fundamentally limiting its capacity to handle
dynamic crowd interactions. This limitation stems from the temporal in-
formation dropout inherent in the aggregation strategy, which restricts
neighbor information integration to the final frame only, effectively
treating the crowd as static. In contrast, the proposed Temporal Mamba
encoder substantially enhances predictive performance by sequentially
processing spatially-aggregated neighbor embeddings across the full
temporal horizon of T = 20 timesteps. This design enables compre-
hensive capture of critical multi-agent phenomena, including neighbor
velocity trends, collision avoidance patterns, and flow dynamics that
are essential for accurate crowd behavior prediction. The empirical
results thus demonstrate that maintaining temporal continuity in neigh-
bor information processing is crucial for developing robust trajectory
prediction models in complex, interactive environments.

age rewards (i.e.,— ) achieved by the agent. These metrics provide

4.3. Results

In this section, our framework is applied to simulate four virtual
scenarios to further demonstrate its feasibility and robustness. The
Unity3D engine is utilized to accomplish these tasks. The results are
shown in Figs. 8 and 9. Furthermore, by leveraging the video data from
the ETH/UCY dataset and fully exploiting the proposed framework, a
highly realistic virtual environment can be constructed through transfer

Sensitivity analysis on UCY/eth dataset,higher mean reward uj is better. Error statistics are summarized by the
observed range of reward standard deviation o across tested values.

Parameter  Values tested Best up (value)  Worst uy (value) — Apup op range Arrival range
Aent {107,1073,1072,107"} —-16.891 (10™%) —-18.552 (107" 1.660 [1.445, 1.603] [0.040, 0.048]
Noea {10,20,40, 80} —16.177 (40) —17.080 (10) 0.903 [1.290, 2.730]  [0.020, 0.133]
Aupdate {100,500, 1000, 9999999} —16.967 (100) —17.009 (1000) 0.042 [1.366, 1.444] [0.045, 0.045]
SEED {0,1,2,3,4} —16.980 (3) —17.441 (0) 0.462 [1.395, 2.235] [0.030, 0.047]
Orp {0.1,0.2,0.3,0.5}m —17.007 (0.1) —17.008 (0.5) 0.0003  [1.443, 1.443]  [0.045, 0.045]
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Corridor Scenario

Circle Scenario

Fig. 8. Simulation results for the Circle and Corridor virtual scenarios from the
initial to the final timestamp.

learning across two mutually imitative environments of different scales,
thereby enabling real-world scenario simulation.

Fig. 8 depicts pedestrian dynamics throughout the process, from
start to finish, from a bird’s-eye perspective. The overall process closely
mirrors real-world conditions. Notably, our framework effectively pre-
vents potential collisions, as the responsive agents, guided by the pro-
posed model, employ a stop-and-wait strategy to ensure a zero-collision
outcome. In this regard, the simulation more accurately represents
real-world situations.

Meanwhile, Fig. 9 illustrates the crowd dynamics in the other two
scenarios. Clearly, these cases involve more frequent multi-agent in-
teractions. Nevertheless, our framework successfully guides the agents
to maintain zero collisions while ensuring that each agent reaches its
respective destination.

Fig. 10 demonstrates the similarity between pedestrian dynamics
captured in real video footage and those produced by our framework.
However, slight discrepancies exist due to perspective issues arising from
our preprocessing method. Future work will incorporate more robust
view-projection techniques to mitigate this limitation.
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Random Scenario

Crossing Scenario

Fig. 9. Simulation results for Crossing and Random virtual scenarios.

4.4. Discussion

The experimental results demonstrate the superior capabilities of
the Mamba-MAGAIL architecture. The selective state updates within the
Mamba blocks effectively capture long-range temporal dependencies, a
critical requirement for anticipating and avoiding collisions in dynamic
environments.

Despite these advantages, several notable limitations warrant consid-
eration. Mamba models exhibit considerable sensitivity to hyperparam-
eter initialization, particularly with respect to state expansion factors,
thereby necessitating meticulous tuning procedures. Furthermore, the
inherently recurrent nature of Mamba architectures demands strict gra-
dient clipping constraints during Proximal Policy Optimization (PPO)
to mitigate the risk of exploding gradients. Finally, inherited limita-
tions from the MAGAIL framework, including implicit representation,
model collapse, and unstable adversarial rewards, contribute to perfor-
mance degradation when the model is deployed in environments where
pedestrian densities substantially exceed those encountered during
training.
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Fig. 10. Simulation results for virtual scenario learning based on the ETH/UCY
dataset. Specifically, the first two rows display pedestrian movements from
the video dataset, followed by the corresponding replicated crowd dynamics
generated by our framework.

5. Conclusions

This paper presents Mamba-MAGAIL, a novel multi-agent reinforce-
ment learning framework that addresses the persistent challenges of
temporal modeling and reward design in crowd navigation. By integrat-
ing Mamba state-space models into the Actor-Critic and Discriminator
networks, the framework enables linear-time extraction of complex,
long-range pedestrian behaviors from expert demonstrations.

Extensive quantitative and qualitative experiments on the ETH/UCY,
Grand Central (GC), Stanford Drone Dataset (SDD) confirm that the pro-
posed architecture outperforms traditional heuristics and standard RL
baselines in terms of safety, realism, and spatial similarity. The success-
ful deployment of the model into 3D simulation environments further
underscores its practical potential.

Future research will focus on three key areas: (1) Implementing adap-
tive neighbor selection based on proximity thresholding rather than
fixed K = 20; (2) exploring multi-scale temporal architectures to han-
dle both micro-level collision avoidance and macro-level route planning
simultaneously; and (3) integrating explicit trajectory prediction mod-
ules to enhance proactive obstacle avoidance in highly unstructured
environments.
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