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Abstract—Conflict management in air traffic management
(ATM) traditionally consists of strategic planning and tactical
avoidance. However, such a two-level structure is insufficient for
the UAV System Traffic Management (UTM) context because
UTM operations are characterized by mixed scheduled and
instant demands. The instant demand cannot be captured by
strategic Demand Capacity Balancing (DCB), and will give
too much computational burden on the tactical level for self-
separation. To address this limitation, a pre-tactical conflict
management is proposed between the strategic and tactical
levels. Operating within a short planning horizon prior to
departure, this layer performs centralized conflict management
to proactively mitigate large-scale conflicts and reduce real-time
tactical workload. To enable efficient and scalable decision-
making, three key components are developed. An adaptive
airspace abstraction transforms submitted free-flight trajectories
into a structured conflict graph, balancing operational flexi-
bility and computational tractability. The pre-tactical conflict
management problem is formulated as a multi-agent contextual
bandit. A Centralized Training Decentralized Execution (CTDE)
learning framework outputs coordinated actions for conflict
resolution, including ground delay, speed adjustment, and al-
titude rerouting. Numerical experiments demonstrate effective
conflict resolution performance and strong scalability across
varying traffic densities. The proposed architecture provides
a structural extension to existing UTM systems for managing
dynamic operations.

Keywords—UAV System Traffic Management; Conflict Man-
agement; Reinforcement Learning

I. INTRODUCTION

UTM refers to the provision of safe and efficient air trans-
portation services within urban environments using unmanned
or electric vertical takeoff and landing aircraft. As a promising
solution to alleviate ground traffic congestion, UTM has
attracted extensive exploration in applications such as parcel
delivery, air taxis, infrastructure inspection, monitoring, and
emergency medical services. However, with the rapid growth
of demand, low-altitude urban airspace is expected to become
increasingly congested. High traffic density in constrained
airspace significantly increases the risk of trajectory conflicts
and potential collisions. Therefore, integrating efficient con-
flict management mechanisms into the Urban Traffic Manage-
ment (UTM) system has become a fundamental requirement
for safe and scalable UTM operations.
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Conflict management is a core component of both tra-
ditional Air Traffic Management (ATM) and modern UTM
systems. In current UTM architectures, service providers
supply airspace information, while UAV flight operators inde-
pendently generate flight plans, including scheduling, routing,
and separation strategies, subject to airspace constraints. In
conventional ATM, conflict management is generally struc-
tured into two phases [1]:

Strategic phase. Long-horizon planning and demand-
capacity balancing (DCB), often leveraging optimization
models for system-level scheduling and routing decisions [2]—
[4].

Tactical phase. Real-time in-flight collision avoidance, in-
creasingly supported by learning-based or control-based
methods [5], [6].

Several studies have attempted to transfer this two-level
conflict management framework from commercial aviation to
UTM environments [7], [8], adapting strategic and tactical
methodologies to low-altitude airspace.

Despite the structural similarity, UTM operations exhibit
characteristics that fundamentally differentiate them from
traditional airline operations. Unlike commercial aviation,
where flight schedules can be finalized months in advance,
UTM demand is highly dynamic and includes both scheduled
and instant flight requests. Instant demand generation, such as
food delivery and emergency medical services, is submitted
shortly before departure. The strategic level is unable to cap-
ture such short-notice or instant demand in a timely manner.
Large-scale instant demand may also exceed the upper limit of
the handling capacity of the tactical self-separation, thereby
increasing computational burden and operational risk. As a
result, relying solely on the traditional strategic—tactical con-
flict management architecture may lead to either insufficient
anticipation of conflicts or excessive reliance on reactive colli-
sion avoidance. Therefore, a more timely and computationally
efficient conflict management mechanism is needed to handle
dynamic demand before flights enter the airspace.

To address this gap, we introduce a pre-tactical conflict
management layer, positioned between strategic and tacti-
cal levels. The pre-tactical phase operates within a rolling
time window prior to departure and jointly evaluates both
scheduled and newly submitted flight requests. Its objective



is to mitigate potential conflicts before operations commence,
thereby reducing the burden on real-time tactical collision
avoidance. In contrast to strategic long-term optimization
and tactical reactive avoidance, the pre-tactical phase focuses
on short-horizon, centralized, and computationally efficient
conflict management under dynamic demand conditions. In
essence, this pre-tactical conflict management framework
constitutes a DCB problem with instant demand, focusing on
short planning horizons, fast response times and centralized
conflict management.

Given the requirement for fast response to on-demand con-
flict management, learning-based methods provide a promis-
ing solution for pre-tactical conflict management. Existing
learning-based conflict management studies primarily concen-
trate on the tactical phase. Multi-Agent Reinforcement Learn-
ing (MARL) approaches have been widely used to train UAVs
to learn decentralized collision avoidance behaviors under
conflict graphs [9], [10]. Other methods, including recurrent
neural networks [11], physics-informed neural networks [12],
and model predictive control [13], have also been adopted
to handle dynamic and physically constrained environments.
However, most current learning-based approaches exhibit two
limitations:

(a) Local decision structures: Many methods rely on local
observers, which reduce computational overhead but
cannot guarantee globally coordinated conflict resolution
under high traffic density [14]-[16].

(b) Continuous policy updating: A large portion of RL-
based conflict management methods are designed for
fully online control, where agents continuously update or
adapt their policies during operation based on streaming
observations, and thereby introducing additional commu-
nication and computational costs [17].

Although some studies have explored learning-based methods
for strategic scenarios [18], [19], they typically rely on fixed
airspace structures and secondary policy updates, limiting
adaptability to dynamic demand patterns. These limitations
motivate the development of a learning-based approach that
enables globally coordinated, single-stage, and computation-
ally efficient decision-making for pre-tactical conflict man-
agement.

To overcome the above limitations, we propose a global
learning-based conflict management framework for UTM pre-
tactical conflict management. The proposed method extracts
structured conflict information from submitted flight trajec-
tories and outputs coordinated planning decisions to manage
large-scale traffic efficiently. The main contributions of this
paper are summarized as follows:

o We propose a novel pre-tactical conflict management
architecture that centrally handles large-scale potential
conflicts under mixed scheduled and on-demand demand
in UTM.

o We design an adaptive dynamic structural airspace rep-
resentation that is constructed as a conflict-based graph
from a submitted free-flight plan, balancing trajectory
flexibility and computational tractability.

o We implement a learning-based framework for conflict

resolution, realizing a fast response as well as maintain-
ing near-optimal performance.

The remainder of the paper is organized as follows. Section
II presents the problem statement and the overall framework
of pre-tactical conflict management in the UTM operational
context. Section III introduces the proposed methodology,
including adaptive airspace abstraction, conflict modeling, and
the learning-based decision framework. Section IV describes
the experimental setup and discusses the performance evalua-
tion results. Section V concludes the paper and outlines future
research directions.

II. PROBLEM STATEMENT

This paper focuses on conflict management for UTM in
city-scale airspace. We consider a UTM setting where mul-
tiple service providers submit flight requests for low-altitude
operations over the urban area. A strategic layer already exists
in the overall system, providing long-term planning, such as
DCB and route allocation over a large time scale (e.g., days
in advance).

However, as mentioned in Sec. I, UTM operations are
characterized by a mixture of scheduled services (e.g., parcel
delivery) and instant, on-demand requests (e.g., food delivery,
emergency response). The submission time of such instant
demands is relatively close to the planned departure time,
making it difficult for the strategic layer to comprehensively
re-plan them. Conflicts that cannot be resolved by the strategic
layer in time are pushed to the tactical collision avoidance
phase, leading to an increase in the workload of the tactical
layer. This may further exceed the handling capacity of the
tactical layer, which in turn raises computational burden and
operational risk.

To address this issue, we focus on the pre-tactical phase,
which operates within a short period before actual operations
(e.g., from tens of minutes up to several hours before depar-
ture), when most flight requests, including instant demand,
have already been collected. We assume that service providers
submit their requests to a centralized airspace manager for
system-level coordination. Each flight request contains a
free-flight trajectory that satisfies basic airspace constraints,
together with the corresponding scheduled departure time
and flight speed. The objective of the pre-tactical layer is to
perform demand-—capacity balancing on the submitted free-
flight plans, thereby reducing large-scale potential conflicts
and alleviating the burden on the subsequent real-time tactical
layer, while minimizing the disruptions to the originally
requested plans and computational cost.

III. METHODOLOGY

This section presents the proposed pre-tactical conflict
management framework for on-demand UTM operations.
Given a batch of submitted flight plans, a conflict graph is
constructed to capture spatial-temporal interactions among
trajectories. Each trajectory is subsequently abstracted into
a sequence of nodes with associated arrival times. On this
basis, the pre-tactical conflict management problem is for-
mulated as a multi-agent contextual bandit, and a learning-
based resolution policy is trained under CTDE scheme. The



overall workflow of the proposed Pre-tactical Learning-Based
Conflict Management Framework is illustrated in Fig. 1.
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Figure 1. Pre-tactical Learning-Based Conflict Management Frame-
work

A. Conflict Graph Construction

The first stage of conflict management is airspace repre-
sentation and conflict abstraction. Instead of assuming a pre-
defined, ground-transportation-based airspace structure [20],
[21], our framework operates directly on the free-flight trajec-
tories submitted by operators. This preserves flight flexibility
and allows the system to accommodate heterogeneous, on-
demand requests. Given a batch of flight plans, we construct
the conflict graph in two steps:

1) Node and Link Generation: As illustrated in Fig. 2(a),
we define the graph node as:

« origin and destination points of each flight,
« intersection points between trajectories,
« the entry and exit points of shared segment.

Then each pair of adjacent nodes on one flight trajectory is
modeled as a corridor.

To avoid redundant representations and preserve safety
margins, spatially proximate nodes (node A in Fig. 2(a))
and nearly overlapping trajectory segments (segment B in
Fig. 2(a)) are merged if their pairwise distance falls below
a predefined threshold.

2) Graph Abstraction and Flight Representation: Based
on the resulting node and link network, we represent the sub-
mitted flight trajectories as an undirected graph G = (V, ) as
shown in Fig. 2(b), where V is the set of nodes and & is the
set of edges (including shared corridors and regular corridors
between nodes).

Each submitted flight plan is then abstracted into

» a node sequence {{v”}?}:’a NS describing the or-

dered nodes traversed by flight i,
o the corresponding arrival time
{{tas )70

Note that potential conflicts can only arise at intersection
nodes (e.g., blue nodes in Fig. 2(b)) or within shared corridors
(e.g., blue shadowed region in Fig. 2(b)). Therefore, pre-
tactical conflict management only detects and adjusts the
arrival times of each flight at each relevant node or corridor,
which substantially simplifies both information processing
and decision-making.

Time adjustment at the first node corresponds to ground
delay, whereas time adjustments at subsequent nodes result
from a combination of ground delay and speed adjustment. In
addition, to prevent head-on conflicts between UAVs flying in
opposite directions within the same corridor, a nearby altitude
layer is reserved and can be used to implement an altitude-
change maneuver when necessary.

B. Conflict Definition

Based on the conflict graph, conflicts between flights can be
categorized into two types: conflicts in intersection nodes, and
conflicts within shared corridors. We define the corresponding
time-based conflict conditions below.

1) Conflicts in Intersection Nodes: For intersection nodes,
conflicts are determined by the temporal separation. Let ?; ;
and t,,, denote the arrival times of flights ¢ and m at a
shared node, where j and n are the indices of this node in
their respective node sequences (note that j # n in general).
Then a conflict is defined as:

[tij — tmnl <6, (1)

sequences

where 0 is the required minimum time separation, determined
by the maximum absolute speed of flight ¢ and m.

Because conflicts can only arise at shared nodes or shared
edges, using time-based separation as the primitive safety
metric is sufficient for pre-tactical conflict management.
Meanwhile, in dense free-flight airspace, continuous monitor-
ing distance for all pairs of flights is computationally expen-
sive, representing separation constraints via time thresholds
provides an efficient and operationally meaningful approxi-
mation.

2) Conflicts in Shared Corridors: For a shared corridor,
two flights may conflict at any position within the corridor.
To ensure consistency, we extend the intersection conflict
definition to shared corridor scenarios. For simplicity of
analysis, we assume that each flight maintains a constant
speed within the corridor. The framework can be extended to
bounded speed profiles without altering the conflict structure.

Let ¢;1 and t; o denote the entry and exit times of flight
¢ into and out of a corridor, respectively. Similarly, ¢,, 1 and
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Figure 2. Illustration of airspace abstraction generation process.

tm,2 represent the entry and exit times for flight m. Let
dir;, dir,, € {0,1} denote the flight directions along the
corridor. We can further categorize the conflicts into three
types:

When the flights travel in the opposite direction (i.e., dir; #
dir.,), a conflict occurs whenever their time intervals of
presence in the corridor overlap beyond the safety threshold,

which is:
{tm,l —tio <0

2
ti1 —tma2 <0. @

When dir; = dir,,, a conflict may occur inside the corridor
if the entry order and exit order are inverted due to different
speeds:

((tin <tm)A(tig > tm2)) or ((ti1 > tm1)A(fi2 <tmz2))-

3)
In the meantime, same-direction conflicts may also arise at
the entry or exit of the corridor:

[ti1 —tma1| <8 or [tio—tmeo| <4 4)

These conditions generalize the node-based intersection con-
flict definition to extended corridors while preserving a time-
based safety formulation suitable for pre-tactical planning.

C. Contextual Bandit Modeling

With the conflict structure defined, the decision problem
is next formulated as a contextual bandit. Pre-tactical con-
flict management is executed periodically (e.g., every tens
of minutes to several hours) before operations, based on
batches of on-demand flight requests. Within each planning
horizon, a conflict resolution policy is computed once and
does not update until the next batch of demands arrives. At the
beginning of each new planning horizon, ongoing unfinished
flights are represented as demand from their current positions
to their destinations, and then re-integrated into the planning
process, but the ground delay of these flights are fixed to be
zero (i.e., continue ongoing flight). This setting differs from
tactical conflict management, which is typically modeled as
a Markov Decision Process (MDP) and requires continuous

policy update. In the pre-tactical phase, the decision for a
given batch does not influence the state of subsequent plan-
ning horizons; thus, there is no inter-horizon state transition
induced by the actions. Therefore, we model the pre-tactical
conflict management problem as a multi-agent contextual
bandit.

Let N = {1,2,..., N} denote the set of flights (agents).
At the beginning of a planning phase, a global state S is
observed, which includes all submitted flight plans and the
derived conflict graph. For each agent + € N, it obtains an
observation o; derived from global state S and then samples
an action a; from its action space A;. After that, the joint
action A = {a; };en is evaluated by a global reward function
R: S x A — R In each planning horizon, i.e., a batch of
flights to be scheduled, the learning-based model only output
the conflict resolution policy once. In next planning horizon,
the model will deal with new batch of flights and the initial
state would be different from the resolved state in this horizon.
Therefore, the state transition distribution P is independent
of the action A, and the reward R does not depend on any
subsequent states or actions. The detailed components of the
multi-agent contextual bandit model are specified as follows:

1) Agent: Each flight is modeled as an agent. Each agent
is associated with a unique flight plan, represented by its
traversed node sequence and corresponding arrival times. All
agents act simultaneously in each conflict management phase.

2) Observation: In the pre-tactical phase, the model per-
forms system-wide planning. Consequently, each agent can be
provided with global information derived from the full state
S. Specifically, the agent’s observation information consists
of three indicators: the traversed node index lists of all
flights {{node; ; };V;g NSY the corresponding time  lists
{{ti,; };V:la "NLY and the undirected graph G composed of
all flight trajectories. Here, IV is the total number of flights,
N, is the number of nodes traversed by the i-th flight.

3) Action: In each conflict resolution phase, agent ¢ sam-
ples an action a; € A;. The action space A; can be further
defined as a nonnegative ground delay At; > 0, a speed
adjustment factor k; for each agent. The agent, i.e., the



learning-based method, can execute a combination of all the
above actions. As illustrated in Fig. 3, the ground delay shifts
the entire speed—time profile along the time axis, whereas the
speed factor k; scales the profile in time. To ensure safety,
if head-on conflicts persist in a corridor after time and speed
adjustments, the altitude-routing decision dircqge,¢ is used to
reroute some flights to an adjacent altitude layer, effectively
decoupling remaining opposite-direction flows (the detailed
policy is shown in the following subsection).

4) Reward: The performance of the conflict resolution
policy is evaluated by the return value. Since the pre-tactical
conflict management aims to minimize the overall cost, all
agents share the same return value. Defining S as the envi-
ronment states, A = {At;, k;} as the set of action taken by
learning-based method and AHy = {Ah,(t)} represents the
set of altitude adjustments, we can define the system’s reward
as:

R(S, A, AI—IU) :Tconﬂict(sa A> AI_IU) + rdelay(A)

®)]
+ Tspeed (A) + Taltitude (AHU) y

where,

d 7"conﬂict(sa A7 AHU) = Coriginal(s) - Cresolved(sl) repre-
sents reduction in conflict cost of the whole system,
where C(S) = ZzN:CO_l f(dt;) denotes the conflict cost,
N, is the number of conflicts, dt; is the minimum time
gap between corresponding pair of conflicting flights
when arriving the same node or inside the same corridor,
and S’ denotes the global state after resolution. The func-
tion f(dt;) is monotonically decreasing in dt;, assigning
higher penalties to smaller separation distances.

o Tdelay(A) = —Kdelay Zf\:}l At; is the total time cost of
the ground delay for all flights, where kgelay is the delay
cost coefficient.

o Typeed(A) = —Kgpeed Zij\:ol |k; —1.0] quantifies the speed
changes of all flights to avoid sharp acceleration or
deceleration, where Kkgpe.q is the speed adjustment cost
coefficient.

. Tahitude(AHU) = Z{ral[ilude(Ah’u(t)) denotes the total
cost of rerouting, which is linearly correlated with the
number of flights that needs to be rerouted to adja-
cent altitudes. Although the rerouting reward is not
directly determined by A, the altitude adjustment actions
Ah,(t) € {0,1} are determined by A and then affect the
rerouting reward.

This reward design explicitly balances safety (conflict
reduction) with operational efficiency (delay, speed changes,
and route stability), which is central to transportation system
optimization. Note that the altitude adjustment is a postpro-
cessing action which are not the output of learning-based
method. However, as the altitude adjustment would affect the
overall action cost, reward of the overall conflict resolution
policy also considers the altitude adjustment action, i.e., the
learning-based method views the altitude adjustment as a
fixed resolution policy.

With the above modeling, we can abstract the pre-tactical
conflict resolution problem as the following optimization
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Figure 3. Mixed action consists of ground delay, speed adjustment
and altitude adjustment.

problem:
max R(S,A,AHy) (6a)
st 0 < At < Atpax, (6b)
Kmin<k; <kmax, (6¢)

A-[:IU = argmax [Tconﬁicl(sa Av AHU) + Taltitude(AHU)]~

Ah,€{0,1}
(6d)

In the learning process, the model learns to maximize the
overall reward by output ground delay and speed adjustment
for each agent. Since the altitude adjustment is a postprocess-
ing action and determined by model’s action, the model can
learn to operate with altitude adjustment policy.

D. CTDE Learning-Based Framework

Given the contextual bandit formulation, we design a
learning-based conflict resolution policy under a CTDE
framework. To improve training stability and model scal-
ability, we implement the Advantage Actor-Critic (A2C)
algorithm to learn the conflict resolution policy. In A2C
algorithm, an actor is applied for each agent to output the
conflict resolution policy and In A2C algorithm, the actor
outputs the conflict resolution policy and the critic estimates
the overall performance of the policy. During training, the
critic receives the global state S and the joint action A and
outputs a value estimate V™ (.5). Thus, the advantage function
can be defined as:

Ad?}ﬂ(s, A) = R(Sv A) - VW(S)7 (7N

which measures how much better (or worse) the realized re-
ward R(S, A) is compared to the expected value V™ (.S) under
policy 7. As the altitude adjustment AHy; is determined by
model action A, here we simplify R(S, A, AHy ) as R(S, A).
Under the contextual bandit setting, the advantage function
depends solely on the current state—action pair.

The parameters of actors and the critic are updated via the
following loss functions.

J(r) = E[log m(A|S) - Adv™ (S, A)], (8)
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L) =B[5(REA) - V)], ©

where logm(A|S) is the log-likelihood of the joint action
under the current policy 7, and R(S, A) — V™(S) represents
the estimation error of the critic. After the model converges,
only the actor is used to output conflict resolution policy.

A key challenge in pre-tactical conflict management is that,
in different planning phases, both the number of flights and
the length of each flight’s path vary, leading to a dynamically
changing model input. To address this issue, we employ
the Graph Attention Network (GAT) and Long Short-Term
Memory (LSTM) to process the undirected graph G and
flight sequences (i.e., nodes and time sequences), respectively.
Both GAT and LSTM can naturally handle variable-size and
variable-length inputs, making the framework scalable across
different traffic densities and network topologies. The detailed
structure of the learning-based model is illustrated in the
upper part of Fig. 4, which has three main modules:

1) Feature Extractor: This module processes the global
state .S and produces path-level embeddings for each flight.
Graph information is first encoded by GAT, and then com-
bined with the corresponding time information. The combined
information is mapped to path-level embeddings via LSTM,
so that each path embedding incorporates both local trajectory
information and global structural information of G.

2) Actor: For flight ¢, the actor takes its own path-level
embedding and a pooled embedding of all other flights
as input, together with conflict-related features (e.g., local
conflict density or degree). Then, it outputs the resolution
action.

3) Critic: The critic aggregates all path-level embeddings
into a global representation and outputs the estimated value
V7™(S) of the current policy for the given planning horizon.

After the learning-based actions are applied (i.e., ground
delays and speed adjustments), a final conflict detection step
is performed, with particular attention to head-on conflicts in
shared corridors (shown in the lower part of Fig. 4). As men-
tioned in Sec. III-B, when more than two flights pass through
the same corridor, purely time-based adjustments may require
large delays or speed changes to ensure non-overlapping pres-
ence intervals. In such cases, these time adjustments become

Algorithm 1 Training of Pre-tactical Conflict Management
Policy in Contextual Bandit Setting

Require: Training environment providing batches of flight
plans, safety threshold, learning rates a.., ay
1: Initialize actor parameters 6 and critic parameters ¢
2: for each training episode do
3:  Generate a batch of flight plans
4:  Construct conflict graph G and node/time sequences
5:  Feature Extraction
6:  Obtain node-level graph embeddings with GAT
7. for each flight < do
8 Gather node embeddings and time sequences
9: Obtain a path-level embedding h; with LSTM
10:  end for
11:  Action Sampling
12:  for each flight ¢ do

13: Aggregate local embedding and embeddings of other
flights z; = [h;, f(h—;), conflict_features;]

14: Sample an action from the current conflict resolution
policy

(Ati, k) ~mo(- | 2:)

15:  end for

16:  Denote the joint action as A = {a; fV: 61

17:  Estimate value V™ (.S) using critic Vy

18:  Apply joint action to the environment

19:  Head-on Conflicts Resolution

20:  Detect remaining head-on conflicts

21:  for each corridor with remaining head-on conflicts do

22: Obtain altitude adjustment actions greedily accord-
ing to the number of flights in each direction

23:  end for

24:  Apply altitude adjustment to the environment

25:  Model Update

26:  Compute the global reward R(.S, A) using (5)

27:  Compute advantage using (7)

28:  Update actor parameters via gradient ascent:

0 0+ a, Vo(logmo(A | S) - Adv™(S, A))

29:  Update critic parameters via regression to the one-step
return:

¢ < ¢ —av Vu(3(R(S,4) = Vy(5))?)

30: end for
31: return Trained actor 7y

economically inefficient. To maintain safety while limiting
additional cost, we introduce a greedy altitude-adjustment
post-processing step after executing learning-based actions:
For each corridor and each overlapping time interval with
residual head-on conflicts, the algorithm greedily reassigned
flights in the direction with fewer aircraft to an adjacent
altitude layer. The corresponding reroute cost is then added
tO Treroute (AHy) in the reward function. Given the relatively
low frequency of persistent head-on conflicts in free-flight
environments, this greedy post-processing step has limited



impact on global optimality while ensuring safety. At the
same time, it keeps computational complexity manageable.
The detailed process is described in Algorithm. 1.

IV. EXPERIMENTS AND ANALYSIS

This section evaluates the proposed learning-based pre-
tactical conflict management framework in a simulated urban
delivery scenario. We first describe the simulation environ-
ment and conflict characteristics. Then the training procedure
of the learning-based policy in the simulation environment
is presented. Finally, we benchmark the learning-based algo-
rithm against other conflict resolution methods and analyze its
generalizability under different traffic demand densities and
initial conditions.

A. Simulation Environment

1) Airspace and Trajectory Generation: The simulation
environment is constructed over a 2 km x 2 km urban region
in the central district of Shenzhen. The horizontal airspace is
discretized into 10 m x 10 m basic blocks. The tall buildings
and no-fly zone are modeled as the non-traversable areas, and
UAVs are allowed to freely fly in the remaining area (free-
flight airspace).

For a given number of flights, origin—destination (OD) pairs
are randomly generated, subject to a minimum Euclidean
distance of 600 m between origin and destination. This
lower bound ensures non-trivial path lengths and increases
the likelihood of potential conflicts. Given each OD pair, a
flight trajectory is generated using the A* algorithm, which
simulates route choice in a free-flight environment. Departure
times are independently sampled from a uniform distribution
over [0, 10] min, and the average flight speed is set to 1 m/s.

As described in Sec. III-A, all trajectories are then ab-
stracted into an undirected conflict graph, and each flight plan
is mapped to its corresponding node sequence and arrival time
sequence (Fig. 2). In practice, the proposed algorithm directly
operates on any submitted plans. The graph-based abstraction
is independent of the particular urban layout or trajectory
generation method. Therefore, the proposed framework can
be applied to different cities and airspace configurations as
long as flight plans can be mapped to node—time sequences.

2) Conflict Characteristics: According to the conflict def-
initions in Sec. III-B, we set the safety time threshold under
flight speed 1 m/s to 60 s. That is, two flights passing through
the same conflict node or shared corridor must be separated
by more than 60 s in time to avoid a conflict.

Fig. 5 visualizes the initial conflict distributions for differ-
ent demand densities. It is evident that the conflict density
grows sharply as the number of flights increases. Conflicts
concentrate in corridors formed by building constraints and
the central area of the airspace, in which the traffic density
is high. This indicates that the simulation setup can generate
congestion-prone urban air traffic that is challenging for pre-
tactical conflict management.

B. Model Training and Evaluation

With the above environment, we train the proposed CTDE
learning-based framework to obtain the conflict resolution
policy.

To ensure operational realism, we constrain the ground
delay as At; € [0,300]s and the speed adjustment factor as
k; € [0.5,1.5]. The actor output Beta distribution within the
corresponding range and sample the conflict resolution action.
Altitude adjustments follow the head-on conflicts resolution
module introduced in Sec. III-D and are identical across
all compared methods in the experiments. A relatively high
weight is assigned to the conflict reduction term r ongic; in the
reward function (5), biasing the learned policy towards strong
safety performance and reflecting the safety-first principle in
transportation operations.

In the training process, the model outputs a joint action
(ground delays and speed adjustments for all flights), and
the environment returns the immediate global reward. The
simulation environment is then reset to the initial state. Policy
parameters are updated every 50 steps using the mean reward
over these steps; we therefore refer to 50 steps as one
episode. Under the contextual bandit setting, the objective
is to maximize the expected one-step return, which coincides
with the global reward.

Fig. 7 shows the training return for the scenario with 50
flights taking off in 10 min. The learning curve exhibits stable
improvement and convergence, and the policy converges to an
optimal solution after approximately 5000 episodes.

Fig. 8(a) depicts the remaining conflict percentage over
episodes. When the model converges to its optimal, all
conflicts in the airspace are successfully resolved by the
learned policy. Fig. 8(b) shows the action cost |rgelay(A) +
Tspeed (A) + Taiwude (A) |, which reflects the operational penalty
paid to achieve conflict resolution.

At the beginning of training, the model’s actions are close
to random sampling in the overall action space. Hence, it
frequently takes large adjustments without effectively resolv-
ing conflicts, resulting in high action cost and low reward.
As training progresses, the model learns the valid resolution
policy, and both the number of remaining conflicts and the
action cost decrease. After all conflicts are resolved (around
5000 episodes), the policy continues to explore alternative
feasible actions that further reduce the action cost.

C. Algorithm Test

1) Test with Other Methods: To evaluate the effective-
ness of the learned policy, we compare it with the First-
Come-First-Serve (FCFS) method. FCFS resolves conflicts
according to departure time order and generates mixed actions
consisting of ground delays and speed adjustments, subject to
the same bounds as in Sec. IV-B.

To further show the conflict resolution performance of
the algorithm, we consider three demand levels with 20, 50
and 80 flights within a 10-minute horizon, corresponding to
small-, medium- and large-scale conflict situations. The initial
numbers of conflicts are 7, 86, and 241, respectively.

In the meantime, to quantify the solution quality compared
with the global optimal solution, we additionally formulate an
optimization model that maximizes the same reward function
as the learning-based approach under the same action bounds,
as shown in Eq. 6. The problem is then solved using Gurobi
on AMD R7 9700X. The time limitation is set to 60 min.
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Table I summarizes the performance of the pro-
posed learning-based method, the FCFS baseline, and the
optimization-based method.

In the 20-flight scenario, all methods can resolve almost
all conflicts. The learning-based algorithm achieves a final
reward close to the global optimum given by the optimization-
based method, while the FCFS strategies incur much higher
action cost, leading to a lower overall reward. This demon-
strates that the learned policy effectively coordinates multi-
ple control variables to exploit the feasible solution space,
whereas rule-based methods struggle to balance safety and

operational efficiency. However, in small-scale conflict situa-
tion, the learning-based model does not show great potential
in time consumption,

In the 50-flight scenario, the learning-based method re-
mains close to the global optimum, indicating near-optimal
performance in medium-scale conflict situations. In contrast,
the FCES strategies fail to eliminate all conflicts, leading to
substantially lower rewards.

In the 80-flight scenario, the conflict situation becomes
highly congested. The optimization-based solver fails to find a
globally optimal solution that resolves all conflicts within 60
min. The learning-based approach successfully resolves more
than 90% of conflicts, significantly outperforming the FCFS
baselines, which leave a large number of conflicts unresolved.

The time consumption demonstrates that the learning-based
approach can transfer the majority of computational effort
to the training phase, thereby maximizing response speed
in the execution phase. In medium- and large-scale conflict
situations, comparing to optimization method, the increase in
training time remains within a controllablle range, while the
execution speed shows a good advantage.

Fig. 6 further shows the distributions of remaining conflicts
in different demand densities after learning-based resolution.
Compared with the initial conflict distributions in Fig. 5,
the conflicts in 20- and 50-flight scenario have been fully
resolved. While in the 80-flight scenario, the maximum
conflict degree drops from 15 to around 3, and large areas
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TABLE I. Conflict resolution performance with different resolution methods.

Method Flights  Initial Conflicts Total Reward Conflict Resolution Rate (%) Time Consumed
Optimization 30.2 100.0 0.2s
FCFS 20 7 25.1 100.0 0.01s
Learning-Based Model 30.0 100.0 Smin (training); 0.01s (execution)
Optimization 385.8 100.0 27min
FCFS 50 86 325.0 90.7 0.42s
Learning-Based Model 380.0 100.0 1h (training); 0.013s (execution)
Optimization — — —
FCFS 80 241 396.0 51.0 3.23s
Learning-Based Model 856.0 91.3 2.5h (training); 0.02s (execution)
Note: “—” indicates that the optimal solution was not found within the 60-minute time limit.
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trajectories, and departure times for each demand level (20, 20 50

50, and 80 flights in 10 min). The conflict graphs and initial Number of flights

conflict numbers differ across these scenarios, even when the
total number of flights is the same.

The test results in Table. II show that, in the 20- and
50-flight scenarios, the learning-based method can almost
resolve 100% of conflicts across all cases. The only case that
fails to achieve 100% resolution rate in 50-flight scenario
has a significantly higher number of conflicts than other
cases, approaching the large-scale conflict scenario. In the 80-
flight scenario, the conflict resolution rates are around 90%.
Compared with the resolution performances of using FCFS
method, the learning-based algorithm shows a more stable
and better conflict resolution performance.

To further place the heterogeneous cases on a comparable
basis, we evaluate the conflict resolution performances with
the optimization-based benchmark. For each case where the
Gurobi solver returns an optimal solution within the time limit

Figure 9. Relative reward gaps to optimization-based solution under
different initial cases.

(i.e., all 20- and 50-flight scenarios), we compute the relative
reward gap as

Ropt - RRL

opt

Relative Reward Gap = x 100%,

where Ry and Rgp denote the total rewards of the
optimization-based and learning-based methods, respectively.
The relative reward gap for each case is shown in Fig. 9.
It shows that, in the scenarios with same number of flights
(i.e., similar conflict scale), the learning-based algorithm
maintains a stable near-optimality level. Only Case 4 in 50-
flight scenario, which has the highest initial conflict count in



TABLE II. Conflict resolution performance under different cases

Test Cases Initial Conflicts Total Reward Conflict Resolution Rate (%) Conflict Resolution Rate under FCFS (%)
Case 1 5 214 100 100
Case 2 5 20.2 100 100
20 Flights  Case 3 6 22.6 100 100
Case 4 7 30.0 100 100
Case 5 13 58.7 100 100
Case 1 53 208 100 84.9
Case 2 57 223 100 68.4
50 Flights  Case 3 75 304 100 84.0
Case 4 86 380 100 90.7
Case 5 137 519 98.5 71.5
Case 1 175 580 88 59.4
Case 2 202 727 92.1 64.9
80 Flights  Case 3 227 835 92.5 69.2
Case 4 241 865 91.3 51.0
Case 5 293 1035 87 59.0
its group, exhibits a slightly larger gap than the other cases. ACKNOWLEDGMENT

This indicates that the learning-based algorithm maintains
stable resolution performance across different realizations of
urban traffic with the same demand level.

V. CONCLUSIONS

This paper proposes a learning-based pre-tactical conflict
management framework for UTM with mixed scheduled
and instant flight demands. The pre-tactical layer is located
between the strategic and tactical layers. This layer uses
full knowledge of submitted plans to resolve conflicts before
flights enter the airspace, thereby reducing real-time tactical
complexity and risk. In detailed implementation, we proposed
a conflict-graph based abstraction that is constructed directly
from submitted free-flight trajectories, without relying on pre-
defined route networks. Then the optimization problem is
modeled as a multi-agent contextual bandit. A learning-based
model is implemented to learn the globally coordinated and
scalable conflict resolution policy. Finally, the greedy altitude-
adjustment post-processor specifically handles residual head-
on conflicts. Numerical experiments show that the proposed
learning-based method resolves all conflicts with final rewards
close to the optimization-based method in small- and medium-
scale conflicts. Even in large-scale conflicts, the learned
policy still resolves around 90% of conflicts, showing high
effectiveness in conflict resolution.

In general, this paper attempts to connect the pre-tactical
conflict management architecture with a global, learning-
based decision mechanism, balancing rapid decision-making
and flight safety. But this study has several limitations that
point to future research directions. The simulations rely on a
fixed 2D urban geometry. Uncertainties in wind, navigation
errors, and communication delays are not modeled. Extending
the framework to 3D trajectory planning with stochastic
disturbances is essential for more realistic UTM deploy-
ment. Meanwhile, the reward function uses fixed, hand-tuned
weights to all flights. Other approaches, such as calibrating
weights from operational preferences, and introducing fair-
ness or priority between operators, would be further adopted
to improve the acceptability in transportation practice.
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