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Abstract— In Multi-Agent Pickup and Delivery (MAPD), a
team of mobile agents must execute incoming pickup and
delivery tasks while avoiding reciprocal collisions. In this
work, we consider a setting in which agents operate in an
environment shared with humans, whose movements are not
controllable. This setting is inspired by real-world applications,
from warehouses, where robots move in areas shared with
human workers, to shopping malls, where cleaning robots
collect trash while moving among customers. In these contexts,
agents cannot rely on communication with humans or restrict
their behavior, yet must still ensure efficient task execution
and safe navigation. To address this challenge, we propose
a planning framework that models human mobility using a
Diffusion Convolutional Recurrent Neural Network (DCRNN),
capturing both spatial dependencies and temporal dynamics to
predict future pedestrian flows. These predictions are incor-
porated into the agents’ planning process to enable effective
coordination in dynamic environments. Preliminary results on
a real-world pedestrian trajectory dataset show that human-
aware modeling can be successfully integrated into MAPD in
shared environments.

I. INTRODUCTION

Autonomous robots are increasingly deployed in envi-
ronments shared with people: hospitals, shopping malls,
and warehouses, where mobile platforms operate alongside
human workers and customers. In these settings, robots
must complete incoming tasks, which can be formulated as
Multi-Agent Pickup and Delivery (MAPD) [1] problems.
In MAPD, a team of agents must coordinate to service
tasks that arrive over time, which are composed of a pickup
and a delivery location. MAPD has been widely studied
in structured and controlled settings, such as automated
warehouses. Classical MAPD solvers [1] assume robots are
the only dynamic entities, while human-aware navigation
methods either target single-robot navigation [2], [3] or use
simplistic occupancy models that ignore the rich spatiotem-
poral structure of crowd behavior [4].

Human movement in public spaces is structured: people
follow habitual routes, concentrate in predictable areas, and
exhibit periodic patterns [5]. Modeling and exploiting these
regularities during path planning, rather than reacting to
humans online, can reduce both task completion time and
disturbance to people. To this end, we propose a unified
framework for MAPD in Human-Populated Environments
(MAPD-HPE) that integrates learned predictions of human
occupancy into multi-agent path planning. We predict future
crowd presence using a Graph Neural Network (GNN),
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specifically a Diffusion Convolutional Recurrent Neural Net-
work (DCRNN) [6], and incorporate these predictions into
the path planner as time-dependent edge weights of the
graph that represent the environment in which robots plan
their movements. At the coordination level, Token Pass-
ing (TP) [1], a common MAPD solver, is extended with
a rolling horizon strategy [7] so that updated predictions
are continuously exploited. A reactive safety layer enforces
hard proximity constraints at execution time, independent of
prediction quality. We preliminarily evaluate the proposed
framework on real-world pedestrian trajectory data [8], com-
paring against a purely reactive baseline.

Our main contributions are: (i) the formulation of the
MAPD-HPE problem; (ii) the introduction of a GNN-based
model for predicting human occupancy; and (iii) a planning
algorithm that integrates these predictions into a rolling
horizon multi-agent coordination strategy.

II. RELATED WORK

Navigation is a fundamental capability of autonomous
mobile robots, tightly linked to their internal world represen-
tation. Effective operation requires capturing environmental
dynamics and incorporating them into path planning. When it
comes to autonomous robots interacting with humans, some
approaches focus on modeling and prediction, while others
aim to integrate predictions into the navigation process.

A large body of work addresses the prediction of human
motion in indoor and public spaces [9] [10]. Statistical ap-
proaches model long-term periodicity: FreMEn [11] uses har-
monic analysis to predict the future visibility of environment
features, while STeF-map [12] adapts this idea to occupancy
grids. Vintr et al. [13] use a multidimensional hypertime
vector to cluster events by periodicity. CLiFF-map [14]
encodes directional flow as a mixture of Gaussians and
has been extended to long-term trajectory prediction [15].
Deep learning approaches have produced strong short-term
predictors: Social LSTM [16] and Social GAN [17] model
pedestrian interactions through pooling mechanisms over in-
dividual trajectory sequences. Trajectron++ [18] frames pre-
diction as structured probabilistic inference conditioned on
environment context. Vintr et al. [19] provide a benchmark
for pedestrian flow models that evaluates their suitability
for safe robot navigation. In contrast to methods that aim
to predict the trajectory of single individuals, we predict
grid-level occupancy directly, which is the representation
most compatible with grid-based path planning and does not
require tracking individual identities at runtime.

Some works aim to bridge the gap between modeling
human trajectories and planning robot paths. In [4], the



authors assume that some external agents are operating in
an environment where a multi-robot system is performing
MAPD, and model them using Markov Chains or a simple
occupancy map; however, the time aspect is not taken into ac-
count, making this approach not suitable for human behavior.
In [2], [3], authors incorporate spectral environment models
into Markov Decision Process frameworks to maximize the
success probability of navigation actions, but consider only
a single robot. Lo et al. [20] model robot path planning in
a shared human workspace as a stochastic game, but do
not address task assignment. Reactive collision avoidance
methods such as ORCA [21] avoid dynamic obstacles based
on instantaneous observations and require no prediction,
but provide no optimality guarantees for task-oriented nav-
igation and can produce overly conservative behaviors in
dense crowds. Heuer et al. [22] propose a benchmark for
multi-robot coordination in human-shared environments and
evaluate two MAPF (Multi-Agent Path Finding, a one-shot
offline version of MAPD) algorithms, finding that human
presence substantially degrades performance. A successive
work [23] proposes Flow-Aware MAPF, which integrates
learned motion patterns of uncontrollable agents into MAPF
algorithms to reduce conflicts.

III. BACKGROUND AND PROBLEM
FORMULATION

A. Classical MAPD

The Multi-Agent Pickup and Delivery (MAPD) prob-
lem [1] considers a team of n agents, A = {a1, . . . , an}, op-
erating in an environment modeled as a connected undirected
graph G = (V,E), which we assume to be a 4-connected
grid. Vertices V represent locations and edges E represent
connections between locations. Time is discrete, and at each
step an agent can either wait at its current vertex or move to
an adjacent one, with each action taking one time step.

A set T contains all unassigned tasks, with new tasks
potentially arriving over time. Each task τj = (sj , dj) ∈ T
consists of a pickup location sj and a delivery location
dj . Agents are occupied if assigned to a task and free
otherwise (they become free upon completing their task).
A task requires one agent and an agent can perform one task
at a time. To complete a task τj = (sj , dj), an agent must
first reach sj and then dj , following a path πi. Paths must
be conflict-free: agents cannot occupy the same vertex at
the same time (vertex conflicts) or traverse the same edge in
opposite directions simultaneously (swapping conflicts). The
objective is to compute collision-free paths that complete all
tasks, typically minimizing either the service time (average
completion time per task) or the makespan (total completion
time for all tasks).

Not all MAPD instances are solvable. A sufficient condi-
tion is well-formedness [1], which requires: (1) a finite num-
ber of tasks, (2) at least as many non-task endpoints (parking
locations) as agents, and (3) connectivity between every pair
of endpoints (parking, pickup, and delivery locations) via
paths that do not pass through other endpoints.

B. MAPD-HPE

Differently from classical MAPD, where agents are the
only dynamic entities in the environment, we define a variant
called MAPD in Human-Populated Environments (MAPD-
HPE), which explicitly accounts for human presence.

In addition to the classical MAPD elements described in
Section III-A, we now consider also a set of humans H.
Agents and humans coexist within the same environment G.
While agents are constrained to move on G with wait and
move actions along the edges (see above), humans can move
everywhere with a varying speed (i.e., they can jump over
multiple cells per time step when G is a grid). Moreover,
while agents are restricted to move within the environment,
humans can enter and exit freely, and new individuals may
arrive. Thus, H has no fixed cardinality, and the number of
humans in the environment is not constant.

The aim of MAPD-HPE is for agents to complete all
tasks while minimizing task completion time, by finding
collision-free paths not only with respect to other agents
(as in classical MAPD) but also with respect to humans,
thus reducing any disturbance caused to them. We assume
that agents have dedicated parking locations and that pickup
and delivery locations cannot be accessed by humans and
respect conditions (2) and (3) of well-formedness (Section
III-A). Well-formedness is not ensured since humans may
block access to these locations. However, it is reasonable to
assume that blocks are temporary, and agents will be able to
access their endpoints eventually. Note that the introduction
of humans in the environment requires the addition of safety
constraints, described in Section IV-B.

IV. PROPOSED ALGORITHM

Given the grid structure of the environment, each cell
is associated with a binary human occupancy value; thus,
a GNN is a natural choice to model occupancy, as graph
convolutions capture the spatial correlations induced by the
space topology: human flow at a given cell is inherently
influenced by human flows in neighboring cells.

A. GNN-Based Human Occupancy Prediction

The dataset we use for training and test is the ATC dataset
[8], described in Section V, which tracks the motion of
people in a business and shopping center in Japan.

Each vertex (cell) v ∈ V is associated with a feature
vector xt

v = (otv, todt, dowt) ∈ R3, where otv ∈ {0, 1}
is a binary occupancy indicator (whether at least one human
was detected in v at time t), todt ∈ [0, 1] is a normalized
time-of-day encoding, and dowt ∈ [0, 1] is a day-of-week
encoding. The latter two features are equal for all the vertices
and capture the periodic structure of human flow.

The encoding todt is computed by mapping the times-
tamp to the interval [0, 1]. Since the dataset recordings are
concentrated between 09:00 and 21:00, we normalize time
t such that 09:00 corresponds to 0.0 and 21:00 to 1.0; this
allows the model to differentiate between early-morning lulls
and mid-day peak flows. The encoding dowt is included by
scaling the weekday index to the range [0, 1].



Given a sequence of Tin past observations
{Xt−Tin+1, . . . ,Xt}, where Xt ∈ R|V |×3 is the matrix
collecting the feature vectors of all vertices at time t, the
objective is to predict the occupancy probability at each
vertex over the next Tout steps:

P̂t+1:t+Tout = fθ
(
Xt−Tin+1:t, G

)
. (1)

Architecture. We employ a Diffusion Convolutional Re-
current Neural Network (DCRNN) [6], in which every linear
transformation of the standard GRU is replaced by a diffusion
graph convolution approximated via Chebyshev polynomial
filters of order K=2 (ChebConv) [24]. Concretely, the
DCRNN cell computes reset and update gates as:

[rt, ut] = σ
(
ChebConvx

(
Xt

)
+ChebConvh

(
Ht−1

))
,
(2)

where ChebConvx and ChebConvh denote two Chebyshev
graph convolution operators with independent learnable pa-
rameters, applied to the input Xt and the previous hidden
state Ht−1, respectively. It also computes the candidate
hidden state as:

H̃t = tanh
(
ChebConvcand

([
Xt ∥ rt ⊙Ht−1

]))
, (3)

with the standard GRU gating update Ht = ut ⊙ Ht−1 +
(1−ut)⊙ H̃t. Here Ht ∈ RN×dh is the hidden state matrix
(dh = 128, N = |V |), σ is the sigmoid activation, and ⊙ de-
notes element-wise multiplication. The operator ChebConv
aggregates information from K-hop neighborhoods on G,
allowing the model to capture spatial correlations induced
by the topology of the space.

Decoding. The model encodes the Tin-step input sequence
through the recurrent cell to obtain a final hidden state,
then decodes autoregressively. At each future step τ ∈
{1, . . . , Tout}, the network produces a raw scalar output ŷτv
via a shared linear projection; the occupancy probability is
then p̂τv = σ(ŷτv ) ∈ [0, 1]. The input to the next decoding step
is formed by concatenating the predicted occupancy with the
tod and dow encodings for that future instant, which are
deterministic and thus available at test time.

Training. The model is trained offline by minimizing
binary cross-entropy over all cells and prediction steps. The
used GPU is a NVIDIA RTX A6000 48GB. At inference
time, the trained model is loaded once and kept frozen. A
forward pass is executed at most once per simulation step t,
producing the full prediction tensor P̂ ∈ [0, 1]Tout×N , which
is cached for the remainder of that step and queried by index
during path planning.

B. Path Planning Algorithm for MAPD-HPE

Planning Framework. Our planner has two layers: a
token-based coordinator that manages task assignment and
high-level coordination, and a low-level planner that com-
putes collision-free paths for individual agents.

Token Passing (TP) [1] is a MAPD algorithm in which
agents coordinate through a shared data structure, the token,
that stores the current planned paths and task assignments.
At each time step, free agents are considered for task

assignment. Tasks are assigned sequentially by minimizing
the Manhattan distance between the agent’s position and the
pickup location of the task. When an agent needs to plan or
replan, it acquires the token, computes a conflict-free path
via time-extended A* by treating all paths stored in the token
as obstacles, updates its own entry, and releases the token.

Once assigned a task, the robot plans a two-phase path:
it first navigates to the pickup location, then to the de-
livery location. An explicit phase flag (to pickup →
to delivery) tracks progress: the transition is triggered
when the robot reaches the pickup during execution, ensuring
correct phase tracking even under reactive replanning.

Rolling Horizon Strategy. Rather than committing to
complete paths, agents plan over a finite horizon H and
replan when the remaining path shrinks to ρ or fewer steps.
To prevent degenerate loops in which an agent replans
indefinitely from the same position, a replan guard checks
that the last cell of the current plan differs from the assigned
goal before triggering a new call; if the path already ends at
the goal, no replan is issued.

Reactive Safety Layer. We assume that each agent a has
an observation radius obsa, defined in terms of Manhattan
distance, within which it can detect the current positions of
nearby humans. Before an agent executes its next planned
move, it is passed through a physical safety filter: a move m
is retained only if it lies at Chebyshev distance greater than
one from the current position of every observable human.
This constraint defines a 3×3 exclusion zone around each
human, preventing agents from entering any of the eight cells
immediately surrounding an occupied cell. An exception is
granted for the robot’s own current cell, which is always
retained as a valid option.

If the next planned move cannot be retained, it means
that the agent has to replan. First, all agent’s possible moves
are passed through the physical safety filter. Second, an
accepted-moves filter removes any candidate that coincides
with the next planned position of another robot. The robot se-
lects the accepted move that maximizes Manhattan distance
from the nearest conflicting human, and replans.

C. Integration of DCRNN Predictions into Planning

The occupancy probabilities produced by the DCRNN are
incorporated into the low-level search by modifying the cost
of each graph edge. When agent a moves from cell u at time
t to v at time t+ 1, the edge weight is defined as:

w(u, v, t) = (1− α)
d(u, v)

DG
+ α p̂t+1

v , (4)

where d(u, v) is the graph edge distance (1 for cardinal
moves in our grid), p̂t+1

v is the DCRNN-predicted probability
of human presence at v at time t + 1, DG is the diameter
of the graph G (used to normalize distances to [0, 1]) and
α is a parameter ∈ [0, 1]. Note that α = 0 recovers pure
shortest-path planning and α = 1 makes the planner purely
occupancy-avoidant; intermediate values trade path length
against predicted human exposure.



Fig. 1: Discretized environment with humans paths over time.

The DCRNN prediction p̂t+1
v is obtained via an index

lookup into the pre-computed [Tout × N ] cache tensor
produced once per simulation step (Section IV-A), making
per-edge cost evaluation negligible at planning time.

V. EXPERIMENTS

A. Dataset Preprocessing

The considered dataset [8] describes the behavior of peo-
ple moving in a portion of the ATC business and shopping
center in Osaka, Japan. The data were collected between
October 24, 2012 and November 29, 2013. Data collection
was performed every week on Wednesday and Sunday, from
morning until evening (9:40-20:20), consisting of 92 days
in total (the last 10 days are used for testing, the rest for
training). Each dataset record includes: (i) the time, (ii) the
person identifier, (iii) the x and y coordinates of the person,
and other properties that are not relevant for this work.

We transform the raw trajectories into a format suitable
for our architecture by discretizing both space and time. For
space, the environment is divided into a grid with a spatial
resolution of 1 m × 1 m. We define the set of walkable
cells, which are those that can be traversed both by robots
and humans, as those grid cells that are visited by at least one
person across the entire dataset duration, resulting in 1883
grid cells (Fig. 1). Each cell corresponds to a vertex in the
environment graph G. For time discretization, we aggregate
detections into 1-second intervals. For each discrete time step
t, we then compute a 2D histogram of pedestrian positions;
each vertex v in G is assigned a binary occupancy value
otv which is 1 if at least one person was detected within its
corresponding grid cell during that interval, and 0 otherwise.

B. Experimental Setting

The DCRNN receives a window of Tin = 20 past
occupancy snapshots and predicts the next Tout = 15 steps.
The path planning horizon is set to H = 30 steps; replanning
is triggered whenever fewer than ρ = 15 steps remain in the
path. The α parameter, which balances travel distance and
predicted occupancy in the edge weight, is varied over the
set {0, 0.3, 0.6, 0.9}. We test 10 robots with 50 tasks and an
observation radius obsa of 10. Results are averaged over 25
runs, where each run differs in the disposal of tasks and of
human paths. Human trajectories are sampled from the test
set. Experiments are conducted on a machine equipped with
an Intel(R) Xeon(R) Silver 4114 CPU running at 2.20 GHz
and with 64 GB of RAM.

Fig. 2: Service time and number of interferences between
agent and human paths varying α.

The metrics we consider are the service time and the
robots’ disturbance to humans, quantified by the number of
times the paths of the agents interfere with those of humans.
Our algorithm is compared with a purely reactive approach,
i.e., agents do not use the model when planning their paths,
but avoid collisions with humans reactively (α = 0).

C. Experimental Results

Fig. 2 reports the distribution of service time and number
of interferences between agent and human paths as a function
of α across the completed runs. Across all human-aware
configurations (α > 0), both metrics improve with respect
to the purely reactive baseline (α = 0). Mean service time
decreases from 263.7 timesteps at α = 0 to 248.3 at α = 0.3
which achieves the best performance; α = 0.6 and α = 0.9
yield mean values of 254.5 and 255.1 timesteps, respectively.
The number of interferences drops from a mean of 14.7 at
α = 0 to around 8–10 for α > 0, confirming that proactive
occupancy-aware planning effectively reduces disturbance to
humans. Beyond α = 0.3, performance does not improve
monotonically: higher values of α cause agents to over-
weight human avoidance at the expense of path efficiency,
suggesting that a moderate trade-off between the two objec-
tives is preferable. Overall, these preliminary results support
the effectiveness of integrating learned human occupancy
predictions into MAPD planning.

VI. CONCLUSION

We address MAPD in human-populated environments,
where agents must operate alongside dynamic human behav-
ior. We propose a unified framework that combines GNN-
based prediction of human occupancy with a rolling horizon
multi-agent planning strategy, enabling agents to adapt to hu-
man dynamics. Preliminary results on real-world pedestrian
data show the benefits of integrating learning-based models
with classical planning in dynamic environments.

This work is still in a preliminary form; thus, future work
will aim to address some limitations, such as the general-
ization aspect, by evaluating the framework on additional
environments and comparing it with other behavioral models.
Further directions include studying scalability with larger
agent fleets and task sets, and integrating online model
updates to handle distributional shifts in human behavior.
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