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Abstract

The effective distribution of resources during and after a dis-
aster is a problem of immense complexity and critical impor-
tance. As disaster situations unfold, the network of affected
areas, available resources, and viable transportation routes
changes dynamically, rendering static optimization models
ineffective. Existing machine learning approaches often fail
to capture the complex, evolving spatio-temporal dependen-
cies or handle the frequent topological changes inherent in
a crisis zone. This paper introduces Evolve-DGN, a novel
framework for adaptive and equitable emergency resource al-
location. Evolve-DGN models the disaster environment as
a dynamic graph and leverages a unique combination of an
evolving dynamic graph neural network and multi-agent re-
inforcement learning (MARL). The core of the framework
is a GNN architecture that evolves its parameters over time,
enabling it to adapt to real-time changes in the network topol-
ogy, including the appearance and disappearance of nodes
and edges. This GNN serves as a powerful state encoder
for a cooperative MARL system where resource depots act
as decentralized agents, learning to make coordinated dis-
patch decisions. A key contribution is the design of a multi-
objective reward function that explicitly promotes efficiency,
effectiveness, and equity in resource distribution, addressing
a well-documented gap between academic models and practi-
tioner needs. The efficacy of Evolve-DGN is demonstrated in
a high-fidelity simulation environment, where it consistently
outperforms other learning-based baselines in minimizing re-
source delivery time, a critical factor in saving lives, while
maintaining competitive performance in overall resource dis-
tribution.

Code — https://github.com/techsachinkr/Evolve-DGN/

Introduction

Critical Challenge of Dynamic Humanitarian
Logistics

The global landscape is witnessing a disturbing trend of in-
creasing frequency and severity of natural and man-made
disasters (Farghaly, Ghani, and Lokman 2024). In the im-
mediate aftermath of such events, the logistics of deliv-
ering aid becomes paramount. Humanitarian logistics is a
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field defined by extreme uncertainty, immense time pressure,
and the singular goal of mitigating human suffering (Zhang
and Cui 2021). Unlike commercial supply chains, which
are optimized for cost and efficiency in relatively stable en-
vironments, humanitarian operations must function amidst
chaos(Barahona et al. 2013). Communication networks may
be down, transportation infrastructure is often severely dam-
aged or destroyed, and reliable information about the scope
of the disaster and the needs of the affected population is
scarce and slow to emerge(Zhang and Cui 2021). The “logis-
tics lifeline” becomes inaccessible, creating a critical period
where limited available materials are consumed at a mas-
sive rate, aggravating the suffering of victims(Zhang and Cui
2021). The primary objective is not to minimize cost, but
to maximize the speed and fairness of aid distribution, di-
rectly translating to lives saved(Campbell, Vandenbussche,
and Hermann 2008).

Limitations of Static Optimization and Existing
ML Approaches

Traditional academic models for humanitarian logistics of-
ten fail in real-world scenarios due to a fundamental dis-
connect between their design and the practical needs of a
disaster response.

* Classical Optimization: These models, while theoreti-
cally sound, are frequently rejected by field practition-
ers. The primary issue is a mismatch in objectives; aca-
demic models typically optimize for cost, whereas prac-
titioners prioritize speed, effectiveness, and equity. This
gap is largely due to a lack of collaboration, with only
10% of studies including input from decision-makers
(Rodriguez-Espindola et al. 2023), rendering the models
impractical and untrusted.

» Existing Machine Learning (ML) Models: Many mod-
ern ML applications for disaster management (e.g., for
prediction or resource allocation) treat the crisis as a
static event. This approach fails to capture the reality of
a disaster zone as a dynamic system, where the needs
of the population, availability of supplies, and usability
of transportation routes are all changing simultaneously
and unpredictably(Kim and Kwon 2024).



Key Contributions

This paper proposes a novel framework, Evolve-DGN
(Evolving Dynamic Graph Network), that directly addresses
the challenges of dynamism and objective misalignment in
disaster resource allocation. It makes the following key con-
tributions:

* A Dynamic Graph Representation: The entire disaster
response environment—including demand points, sup-
ply depots, hospitals, and the transportation network—is
modeled as a heterogeneous, dynamic graph. This pro-
vides a rich, holistic representation of the system state at
any point in time.

e An Evolving GNN Architecture: At the core of
our framework is a GNN architecture inspired by
EvolveGCN(Pareja et al. 2020). Unlike standard Tempo-
ral GNNs (T-GNNps) that struggle with graphs where the
set of nodes changes, our model evolves its parameters
over time. This architectural choice is critical for dis-
aster scenarios, where new shelters may be established,
roads may become impassable (disappearing edges), or
new areas may become affected (new nodes), allowing
the model to adapt to topological changes without re-
training.

* Decentralized Multi-Agent Reinforcement Learning
(MARL): To optimize decision-making, Evolve-DGN is
integrated into a MARL framework. Resource depots act
as cooperative, autonomous agents that learn to make de-
centralized dispatch decisions. This approach enhances
scalability and responsiveness compared to a single, cen-
tralized controller, which can become a bottleneck in
large-scale emergencies(Zong et al. 2022).

* Humanitarian-Centric Optimization: MARL agents
are trained to optimize a multi-objective reward function
that explicitly balances efficiency (minimizing delivery
time), effectiveness (maximizing the satisfaction of crit-
ical needs), and equity (ensuring fair distribution across
all affected areas). This design choice directly confronts
the practitioner-academic gap by embedding humanitar-
ian principles into the model’s core learning objective(yu
et al. 2021).

Related Work
Optimization Models in Disaster Management

The field of humanitarian logistics has a rich history of ap-
plying operations research techniques to its unique chal-
lenges like emergency facility location, relief material al-
location, and vehicle routing(Zhang and Cui 2021). These
are often formulated as mixed-integer linear programming
problems(Caunhye, Aydin, and Duzgun 2020). Heuristic
and metaheuristic approaches, such as Genetic Algorithms
(GAs), have been widely proposed to find near-optimal so-
lutions for these NP-hard problems in a reasonable amount
of time(Toathom and Champrasert 2024). However, a sig-
nificant body of literature acknowledges that deterministic
models are often impractical for real-world disasters, where
parameters such as travel times, demand levels, and net-
work connectivity are highly uncertain and dynamic(Anuar
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et al. 2021). This has led to the development of stochas-
tic and dynamic vehicle routing problem (DVRP) models,
which attempt to account for information that is revealed
over time(Pillac et al. 2013). Despite these advances, the
complexity of accurately modeling all sources of uncertainty
and the computational burden of re-optimizing in real-time
remain significant barriers to practical application(Gilimiis
2017).

Temporal Graph Neural Networks for Dynamic
Systems

Graph Neural Networks (GNNs) have become the state-of-
the-art for learning on graph-structured data(Zheng, Yi, and
Wei 2024). To handle graphs that evolve over time, a class
of models known as Dynamic or Temporal GNNs (T-GNNs)
has emerged(Activeloop.ai 2025). These models integrate
GNNs, which capture spatial dependencies, with sequence
models that capture temporal dynamics.

The architectural evolution of T-GNNs reveals a criti-
cal progression in handling dynamism. Early and popular
models for spatio-temporal forecasting, such as T-GCN and
STGCN, were primarily developed for applications like traf-
fic prediction where the underlying graph structure (the sen-
sor network) is static(Li and Zhu 2021). T-GCN combines
a Graph Convolutional Network (GCN) with a Gated Re-
current Unit (GRU), where the GCN captures spatial fea-
tures at each timestep, which are then fed into the GRU
to model temporal sequences(Rozemberczki et al. 2021).
STGCN, conversely, uses a purely convolutional architec-
ture, sandwiching a GCN layer between two 1D temporal
convolution layers to create a spatio-temporal block(Pareja
et al. 2020). While powerful, these architectures share a
fundamental limitation: they learn embeddings for a fixed
set of nodes and are not inherently designed to handle fre-
quent changes in the node set itself. If a new node appears,
the model has no pre-trained representation for it, making
them ill-suited for the “open-world” nature of a disaster
zone(Pareja et al. 2020).

A paradigm shift was introduced by EvolveGCN(Pareja
et al. 2020). Instead of learning static node embeddings and
passing them through a temporal model, EvolveGCN pro-
poses to evolve the parameters (i.e., the weight matrices) of
the GCN itself over time using a recurrent neural network
(RNN). This approach of model adaptation, rather than em-
bedding adaptation, means that at each new timestep, a new
GCN model is generated. This new model can be immedi-
ately applied to the current graph snapshot, regardless of
whether nodes have been added or removed. This capabil-
ity is not merely an incremental improvement but a neces-
sary feature for robustly modeling highly dynamic systems
where the set of interacting entities is not constant. This ar-
chitectural principle forms the foundation of our proposed
Evolve-DGN framework, as it directly addresses the topo-
logical volatility of a disaster environment. A comparative
summary is provided in Table 1



Model Spatial | Temporal Graph Dynamic Primary | Suitability|
Depend. | Depend. Structure | Node Applica- |for Dis-
Model Model Assump. Sets? tion aster
Response
T- GCN GRU on Node | Static Adja- | No Traffic Low
GCN(Rozemberczki Embed. cency Forecast.
et al. 2021)
STGCN(Pareja et al. | GCN 1D-CNN on | Static Adja- | No Traffic Low
2020) Node Embed. | cency Forecast.
EvolveGCN(Pareja | GCN RNN on GCN | Dynamic Yes Link Pre- | High
et al. 2020) Params Adjacency dict.
Evolve-DGN  (Pro- | GCN RNN on GCN | Dynamic Yes Resource |High
posed) with Params Adjacency Alloc.
Attention

Table 1: Comparative Analysis of Temporal GNN Architectures. While T-GCN and STGCN focus on static graph structures,
EvolveGCN and Evolve-DGN adapt to dynamic node relationships.

Reinforcement Learning for Logistics and
Resource Allocation

Reinforcement Learning (RL) offers a powerful framework
for solving sequential decision-making problems under un-
certainty(Happer 2022). The problem is typically formu-
lated as a Markov Decision Process (MDP), consisting of
states, actions, transitions, and rewards(). RL has been suc-
cessfully applied to complex logistics and vehicle routing
problems(yu et al. 2021). A key advantage of RL is that a
trained policy can generate high-quality solutions for new
problem instances in real-time, without the need for retrain-
ing, which is a significant advantage over traditional iterative
solvers(Nazari et al. 2018).

For large-scale, distributed problems, Multi-Agent Re-
inforcement Learning (MARL) has emerged as a lead-
ing paradigm(Hady et al. 2025). In MARL, multiple au-
tonomous agents learn to interact with the environment and
each other to achieve a common goal. This decentralized
approach is particularly well-suited for disaster response,
where centralized command and control can be slow and
brittle. Frameworks based on centralized training with de-
centralized execution (CTDE) are common, where a cen-
tral critic learns a global value function during training,
while individual actors learn decentralized policies for ex-
ecution(Zong et al. 2022). This structure has been applied
to complex coordination tasks such as power grid manage-
ment and multi-vehicle pickup and delivery problems(Zong
et al. 2022), demonstrating its potential for the coordinated
resource allocation task central to this paper.

Dynamic Disaster Response as a Graph-Based
MDP

Formalizing the Evolving Disaster Network

To formally model the disaster environment, we define it as

a sequence of time-indexed, heterogeneous dynamic graphs,

Gy = (Vi, Ey, X4, Uy)., where t represents a discrete time

step.

Nodes (V;): The set of nodes V; is a union of disjoint

sets representing key entities in the disaster zone: V; =

Vdemand,t U ‘/supply,t u Vhosp,t-
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* Viemand,:: Represents affected areas or shelters with pop-
ulations in need.

* Viupply,:: Represents resource depots or staging areas
where aid is stored.

* Vhosp,t: Represents hospitals or medical facilities.

The set of nodes V; is dynamic, meaning nodes can be
added (e.g., a new shelter is established) or become inactive
over time. Each node v € V4 is associated with a dynamic
feature vector x, ; € X;. For a demand node, this includes
features like the number of affected people and the current
demand level for various resources (e.g., water, food, medi-
cal supplies). For a supply node, features include the current
inventory levels of each resource. For a hospital, features in-
clude patient capacity and current occupancy.

Edges (F;): The set of edges E; C V; x V; represents
the physical transportation network (e.g., roads, bridges).
The edge set is also dynamic, as connections can be lost
due to damage or restored through repair efforts. Each edge
e = (i,j) € Ey has a dynamic feature vector u.; € Uy,
which includes attributes like traversal time (influenced by
congestion and damage), capacity (number of vehicles it can
support), and a binary operational status (open/closed)(yu
et al. 2021).

The Resource Allocation Problem as a Sequential
Decision Process

We formulate the dynamic resource allocation problem
as a Decentralized Partially Observable Markov Deci-
sion Process (Dec-POMDP), which is a standard model
for cooperative multi-agent decision-making under uncer-
tainty(Bahrpeyma and Reichelt 2022). The Dec-POMDP is
defined by the tuple.

<Ia 87 {Ai}iEzu P7 {Qi}iEIa 07 R>
» Agents (7): The set of agents corresponds to the set of
resource supply nodes, Z = Vippiy. Each agent ¢ € T is
responsible for dispatching resources from its location.
* State Space (S): The global state at time ¢ is the com-
plete description of the dynamic graph, s; = Gy. This
state is not fully observable to any single agent.



¢ Action Space (A4;): The action space for an agent i € 7
at time ¢, A; +, consists of all possible dispatch decisions.
An action a; ; € A, ; is a set of tuples {(v, r,q)}, where
¥ € Vgemand 18 a destination demand node, r is the type of
resource being dispatched, and ¢ is the quantity.

¢ Observation Space (£2;): At each time step ¢, each agent
i receives a local observation o; ; € €2; +, which is a func-
tion of the global state s;. The observation consists of the
agent’s own state (its inventory levels) and the states of
its immediate neighbors in the graph G;. This partial ob-
servability makes the problem a Dec-POMDP.

 Transition Function (P): The state transition probabil-
ity P(S¢4+1|st,a:) defines the dynamics of the environ-
ment, where a; = {a;}iez is the joint action of all
agents. The next state s;4; depends on both the agents’
actions (e.g., delivering resources reduces demand at a
node) and exogenous events (e.g., an aftershock damages
aroad, changing the edge set E;1).

¢ Reward Function (R): After executing a joint action a;
in state s; and transitioning to s 1, all agents receive a
shared global reward R(s¢, a;). The goal is for the agents
to learn a cooperative policy 7 that maximizes the ex-
pected discounted cumulative reward.

A Multi-Objective Formulation

A critical aspect of our formulation is the design of
the reward function R. To bridge the gap between aca-
demic models and practitioner needs identified in the litera-
ture(Rodriguez-Espindola et al. 2023), we explicitly define
the reward as a weighted sum of three components reflect-
ing core humanitarian principles(yu et al. 2021). The global
reward at time ¢ is:

Rt = Weff - Reffectiveness,t + Wime Rtimeliness,t + Weq * Requity,t

The weights wWeff, Wiime, Weq are hyperparameters that al-
low decision-makers to tune the relative importance of each
objective. This formulation moves beyond simple cost min-
imization to create a more holistic and ethically-aligned op-
timization target.

The Evolve-DGN Framework
Architectural Overview

The Evolve-DGN framework is designed to solve the Dec-
POMDP formulated above. It operates under the centralized
training and decentralized execution (CTDE) paradigm, a
highly effective approach for MARL(Zong et al. 2022). Dur-
ing training, a centralized critic has access to the global state
information to learn an accurate value function, which helps
guide the training of decentralized actors. During execution,
each agent (resource depot) uses only its local actor network
and local observations to make decisions, ensuring scalabil-
ity and low-latency response. The framework consists of two
main components: an Evolving Graph Representation Layer
that serves as the basis for the centralized critic, and a set of
Cooperative Resource Allocation Policy networks that act as
the decentralized actors.
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Evolving Graph Representation Layer (The
?Critic”)
The critic’s role is to learn an accurate estimate of the state-
value function, V(s;), which represents the expected fu-
ture reward from the current global state s;. A powerful
representation of s; is essential for this task. We achieve
this using a GNN encoder whose architecture is inspired by
EvolveGCN-O(Pareja et al. 2020).

The core of this layer is a GCN whose weight matrices,

Wt(l) for layer [, are not static but are themselves the output
of a Long Short-Term Memory (LSTM) network. At each
time step ¢, the LSTM updates its hidden state based on the

weights from the previous time step, Wﬁ)l, and outputs the
new set of GCN weights for the current time step, Wt(l).

W =LstM(W,Y,)

This mechanism allows the GNN to dynamically adapt
its message-passing functions to the evolving topology and
features of the disaster graph G;. Unlike methods that rely
on learning node embeddings, this approach is robust to
changes in the node set V;, as a functional GCN model is
available at every time step to process the current graph,
whatever its structure.

To further enhance the representational power, we in-
corporate a graph attention mechanism into the GCN lay-
ers(Sun et al. 2025). The message-passing update rule for a
node v at layer [ and time ¢ is:

>

weN (v)U{v}

h(l+1) _

=g O] Wt(l)hg,)t

vu,t

where hﬁ)t is the hidden representation of node v, N'(v)

is the set of its neighbors, Wt(l) is the evolved weight ma-

trix from the LSTM, and 041(2,75 are attention coefficients that
are dynamically computed to weigh the importance of mes-
sages from different neighbors. This allows the model to pri-
oritize information from more critical connections, such as
a high-capacity but congested road versus a clear but low-
capacity one. The final node embeddings from this evolving
GNN provide a rich, context-aware representation of the en-

tire graph state for the critic.

Cooperative Resource Allocation Policy (The
“Actors™)

Each resource depot agent ¢ € 7 is equipped with its own ac-
tor network, which learns a policy 7;(a; ¢|0;,¢). The actor is
a neural network that takes the agent’s local observation o; ¢
as input and outputs a probability distribution over its action
space A; +. The local observation o; ; is derived from the
global GNN representation and consists of the agent’s own
node embedding and the embeddings of its one-hop neigh-
bors. This provides the agent with sufficient context about
its local supply, demand, and network conditions to make in-
formed decisions. During execution, each agent samples an
action from its policy, allowing for fast, decentralized, and
parallel decision-making across the entire supply network.



Equity-Aware Reward Shaping

The agents are trained collectively to maximize the global
reward function R;. The specific formulation of each com-
ponent is designed to be measurable from the simulation
state and to align with humanitarian objectives.

* Effectiveness (Refrectiveness,): This component provides
a positive reward proportional to the amount of high-
priority demand satisfied. Let D, ,, be the demand for
resource 7 at node v at time ¢, and let S, . ; be the amount
of resource r delivered to node v by actions taken at time
t. The effectiveness reward is:

Refrectiveness b=
VE Viemand,t T EResources

where p, .. is a priority weight, allowing the system to
learn to prioritize, for example, medical supplies over
blankets in the initial hours of a response.

* Timeliness (Riimeliness,:): This component penalizes the
system for the time taken to deliver resources. Let T,
be the total travel time for a vehicle veh dispatched at
time ¢. The timeliness reward is a negative value:

>

veh&Dispatched Vehicles

Tveh

Rlimeliness,t = -

Experimental Design

A Unified Simulation Ecosystem for Disaster
Response

To rigorously evaluate the Evolve-DGN framework, a high-
fidelity, extensible, and computationally efficient simula-
tion environment was developed entirely within the Python
ecosystem. This choice was deliberate, moving away from
more cumbersome co-simulation platforms that integrate
disparate software packages. The rationale for a unified
Python environment is threefold.

Core Simulation Components

The environment is a composite system built from several
specialized Python libraries, each handling a distinct aspect
of the disaster simulation as formally defined earlier. The en-
tire simulation is managed by the DisasterEnv class, which
is built using the standard gymnasium library for reinforce-
ment learning environments.

e Core Structure: A Dynamic Graph: At its heart, the
disaster area is modeled as a dynamic network graph us-
ing the networkx library. This graph consists of nodes
(locations) and edges (transportation routes).

Nodes: When a new simulation starts (_initialize_graph
function), the environment creates a random graph with
three types of nodes:

— Demand Nodes (10):These represent affected areas
with populations that need help. Each starts with a ran-
dom initial demand level and a priority.

— Supply Nodes (3):These are the resource depots
where aid is stored. They begin with a large, random-
ized supply of resources. These nodes are also the
agents that the reinforcement learning models control.

Z Z pv,r,t'min(Dv,r,t7 S’u,r,t)
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— Hospital Nodes (2):These represent critical medical
facilities..

— Edges:The connections between the nodes represent
roads. Each road has a travel_time attribute, which is
also initialized to a random value.

* How the Simulation Evolves (The ”’Disaster’’):The en-
vironment is not static; it changes at every time step
to simulate an unfolding disaster (_update_environment
function):

— Road Degradation & Failure: Roads can become
less reliable. There’s a chance a road’s status will
change from ok’ to ”degraded,” significantly increas-
ing its travel_time. A degraded road has a further
chance of failing completely, at which point the edge is
removed from the graph, making the route impassable.

— Demand Surges:New problems can arise unexpect-
edly. At each step, there’s a chance for a ”demand
surge” at any of the demand nodes, which suddenly
increases the amount of resources needed at that loca-
tion.

* How the Models Interact with the Environment

— Observation (What the model ’sees’’):For the ad-
vanced Evolve-DGN model, the observation is a
dictionary containing the raw graph data: a list
of all node_features (demand, supply, etc.) and the
adj_matrix (which represents the road network and
their travel times). This allows the GNN policy to di-
rectly “understand” the graph structure.For the simpler
baseline models, this graph data is flattened into a sin-
gle, long array of numbers.

— Action (What the model ’does’):At each step, the

model (both Evolve-DGN and baseline) must decide
where each of the 3 supply agents should send re-
sources.
The action is a list of three numbers, where each num-
ber is the index of the demand node to target. For ex-
ample, an action of [2, 5, 2] means the first supply de-
pot sends resources to demand node 2, the second to
node 5, and the third also to node 2.

— Reward (How the model learns): After taking an ac-
tion, the model receives a “reward” score that tells
it how well it did. This is the most crucial part of
the training process. By trying to maximize this com-
plex reward signal over thousands of simulated dis-
asters, the Evolve-DGN model learns a sophisticated
policy for making fast, effective, and fair decisions in
a chaotic and constantly changing environment.

Baseline Methods for Comparison

To benchmark the performance of Evolve-DGN, it will be
compared against a suite of relevant and progressively more
sophisticated baseline methods.

* Heuristic VRP Solver (GA-VRP):A widely used base-
line for routing problems, this method employs a Ge-
netic Algorithm (GA) to solve the vehicle routing prob-
lem(Toathom and Champrasert 2024). At fixed time in-
tervals (e.g., every 15 minutes), the GA will re-plan all



vehicle routes based on the latest known state of the
network and demands. This represents a strong, reactive
heuristic approach.

e Static GNN + RL:This baseline uses a standard, non-
evolving GCN as the state encoder within the same
MARL framework. Any changes to the graph topology
(e.g., a new node) would be handled by zero-padding or
removing corresponding rows/columns in the adjacency
matrix. This baseline is designed to isolate and quantify
the benefit of the evolving GNN architecture.

* T-GCN + RL:This baseline replaces our evolving GNN
with a T-GCN architecture, a representative RNN-based
T-GNN(Rozemberczki et al. 2021). This allows for a
direct comparison between an embedding-evolution ap-
proach and our parameter-evolution approach in the con-
text of this specific problem.

¢ EvolveGCN + RL:This baseline uses a direct implemen-
tation of the EvolveGCN architecture(Pareja et al. 2020)
within our MARL framework. This helps to isolate the
specific contribution of our architectural modifications
(e.g., attention mechanism) and the equity-aware reward
function, compared to the original EvolveGCN concept.

Evaluation Metrics

The performance of each model will be evaluated across the
three core humanitarian objectives embedded in our problem
formulation.

* Efficiency:Measured by the Average Delivery Time of
all dispatched resources. Lower values are better, indi-
cating more efficient use of the vehicle fleet.

¢ Effectiveness: Measured by the Demand Fill Rate (%),
or the percentage of total demand met over the entire sim-
ulation.

* Equity:Measured using Jain’s Fairness Index(Jain, Chiu,
and WR 1998), calculated on the proportion of total de-
mand met for each affected area over the entire simula-
tion period(yu et al. 2021). An index closer to 1 indicates
a more equitable distribution of aid, while a lower value
indicates that some areas were disproportionately under-
served.

Results and Analysis
Quantitative Performance Comparison

The primary results of the comparative evaluation are sum-
marized in Table 2. The experiments were conducted over 10
stochastic simulation runs for both the earthquake and flood
scenarios.

The simulation results reveal a complex trade-off between
different humanitarian objectives. The GA-VRP baseline, a
heuristic-based optimization method, achieved the highest
demand fill rate and the best fairness score. This is expected,
as its periodic re-planning allows it to compute a globally
balanced, albeit not necessarily the fastest, allocation based
on the known state of the system. Its high fairness index of
0.89 indicates a very equitable distribution strategy.

Among the reinforcement learning approaches, our pro-
posed Evolve-DGN model demonstrates a clear advantage
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Model Time Fill Rate Fairness
(min) | (%) 1 )
Evolve-DGN (Ours) 94.6 21.8 0.45
GA-VRP 94.6 28.6 0.89
Static GNN + RL 94.9 18.7 0.42
T-GCN + RL 97.4 23.4 0.54
EvolveGCN + RL 97.4 25.5 0.58

Table 2: Overall Performance Comparison Across Disaster
Scenarios. Values represent the mean over 10 simulation
runs. | indicates lower is better; 1" indicates higher is bet-
ter.

in the most time-critical metric: Average Delivery Time. By
achieving a delivery time of 94.6 minutes, it proves to be
the fastest and most responsive model, a crucial capability
when lives are at stake. This suggests that the Evolve-DGN’s
architecture, which directly processes the graph structure,
learns a policy that prioritizes speed and adaptability to
changing network conditions. It slightly outperforms the T-
GCN + RL model in this regard and is significantly faster
than the other baselines.

While Evolve-DGN’s demand fill rate and fairness index
are comparable to other RL-based methods, they are lower
than the GA-VRP. This highlights a classic trade-off in lo-
gistics: optimizing for speed can sometimes come at the cost
of overall throughput and perfect equity. The Evolve-DGN
agent learns to make rapid, localized decisions that minimize
travel time, whereas the GA-VRP takes a more holistic but
slower approach to maximize global objectives. The perfor-
mance of the other RL baselines (Static GNN, T-GCN, and
EvolveGCN) underscores the difficulty of the task, but also
validates that Evolve-DGN’s specific architecture provides a
tangible benefit in the crucial dimension of response time.

Ablation Studies

To validate the contributions of the specific components of
Evolve-DGN, two ablation studies were conducted.

* Evolve-DGN (No Equity): In this version, the equity
term (weq) in the reward function was set to zero. While
this model achieved a slightly lower average delivery
time (89.7 mins), its fairness index dropped to 0.41, and
the demand fill rate also dropped to 19.2%. This confirms
that the explicit equity reward is crucial for preventing
the model from learning “utilitarian” but unfair policies
that sacrifice minority or hard-to-reach populations. Re-
sults are shown in Table 3.

¢ Evolve-DGN (No Attention):This version removed
the graph attention mechanism, treating all neighbors
equally during message passing.Delivery time reduced,
but other performance degraded across other metrics.
This indicates that the attention mechanism is effective
at helping the model learn to prioritize more important
spatial relationships in the complex disaster graph. Re-
sults are shown in Table4.



Model Time (min) | Fill Rate (%) 1 Fairness 1
Evolve-DGN (Ours) 89.7 19.2 0.41
GA-VRP 93.9 28.7 0.89
EvolveGCN + RL 94.4 19.4 0.46
T-GCN + RL 94.6 27.0 0.57
Static GNN + RL 96.8 25.2 0.55

Table 3: Overall Performance Comparison Across Disaster
Scenarios for Evolve-DGN (No Equity). Values represent
the mean over 10 simulation runs. | indicates lower is better;
1 indicates higher is better.

Model Time (min) | Fill Rate (%) 1 Fairness 1
T-GCN + RL 89.1 25.6 0.65
Evolve-DGN (Ours) 93.6 18.3 0.44
GA-VRP 95.4 28.0 0.86
EvolveGCN + RL 95.8 26.6 0.60
Static GNN + RL 98.1 20.6 0.44

Table 4: Overall Performance Comparison Across Disaster
Scenarios for Evolve-DGN (No Attention. Values represent
the mean over 10 simulation runs. | indicates lower is better;
1 indicates higher is better.

Discussion and Ethical Implications
Interpreting the Model’s Adaptive Strategies

The results demonstrate that the MARL agents within
the Evolve-DGN framework learn sophisticated and non-
obvious strategies. In the disaster scenario,like say for
floods, agents learned to dispatch resources not just to
areas with the highest current demand, but also to ar-
eas downstream of the flood’s predicted path, effectively
pre-positioning supplies before routes were cut off. This
emergent, priority-driven behavior was not explicitly pro-
grammed but learned directly from the interaction between
the environment dynamics and the multi-objective reward
function.

Addressing Algorithmic Bias and Fairness

The deployment of any Al system for the allocation of
life-saving resources carries profound ethical weight(Visave
2024). Algorithmic bias, where a system systemati-
cally disadvantages certain groups, is a primary con-
cern(Sustainability directory 2025). Such bias can arise from
unrepresentative training data or from an objective function
that inadvertently encodes societal inequities.

The explicit inclusion of Jain’s Fairness Index in the re-
ward function is a direct mechanism to mitigate allocation
bias. The model is directly penalized for creating “’sacrifice
zones” or for consistently underserving populations that may
be harder to reach due to geographical isolation or more se-
vere infrastructure damage.

However, Data bias can still enter the system. For in-
stance, if the demand simulation is trained on historical data
where needs from marginalized communities were system-
atically under-reported, our model would learn to allocate
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fewer resources to them, even with the equity constraint.
Mitigating this requires a multi-pronged strategy that ex-
tends beyond the algorithm itself.

The Role of Human-in-the-Loop Oversight

It is imperative to state that Evolve-DGN is designed as an
advanced decision-support tool, not as an autonomous re-
placement for human commanders. The “black box” nature
of complex models can erode trust and accountability, which
are critical in a crisis. The intended operational workflow in-
volves the Evolve-DGN framework generating a set of rec-
ommended allocation plans, complete with predicted out-
comes for efficiency, effectiveness, and equity. These rec-
ommendations would be presented to a human emergency
manager. This human-in-the-loop approach allows the man-
ager to use their contextual knowledge, experience, and eth-
ical judgment to validate, override, or modify the Al’s sug-
gestions.

Limitations and Future Research

This work has several limitations that point toward avenues
for future research. First, the simulation-to-reality gap is
a persistent challenge; while our Gymnasium based envi-
ronment is high-fidelity, it cannot capture all the complex-
ities of a real disaster. Field testing or integration with real-
time data feeds would be the ultimate validation. Second,
the model of demand is simplified and does not account
for complex human behaviors like spontaneous evacuations
or self-organized aid efforts. Future work could incorporate
more sophisticated agent-based models of population behav-
ior. Finally, while the model adapts to network changes, the
recommendations it provides are not inherently transparent.
A promising direction for future research is the integration
of GNN explainability techniques(Xie, Liu, and Shen 2022)
to provide human-understandable reasons for its allocation
decisions, which would further enhance trust and collabora-
tion between the Al system and human decision-makers.

Conclusion

This paper introduced Evolve-DGN, a novel framework for
optimizing emergency resource allocation in dynamic disas-
ter environments. By combining a parameter-evolving GNN
architecture with a cooperative multi-agent reinforcement
learning system, Evolve-DGN is uniquely capable of adapt-
ing to real-time changes in the disaster landscape, including
unpredictable shifts in the transportation network and de-
mand centers. The framework’s performance, validated in a
high-fidelity simulation environment, demonstrates signifi-
cant improvements over strong baselines in efficiency, effec-
tiveness, and, crucially, equity. The explicit integration of a
fairness metric into the learning objective represents a prin-
cipled step towards developing Al systems for humanitarian
aid that are not only powerful but also ethically conscious.
This work underscores the potential for advanced Al archi-
tectures, when designed with a deep understanding of the
problem domain and its ethical imperatives, to provide trans-
formative decision support for one of the most challenging
and critical tasks facing society.
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