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Abstract— Multi-UAV coordination is critical for complex
real-world applications, but these missions are often constrained
by intricate causal dependencies between tasks, alongside strict
UAV energy and return-to-base constraints. Existing methods,
ranging from exact solvers to standard deep reinforcement
learning approaches, struggle to scale with the combinatorial
complexity of this problem and often fail to effectively represent
the underlying logical task structures. To address this gap, we
propose the Causal-Channel Transformer for Joint Allocation
(C2T-JA), an end-to-end reinforcement learning framework.
The core of C2T-JA is a dual-branch hybrid attention en-
coder that explicitly constructs and reasons over multi-hop,
disentangled causal channels, effectively decoupling logical
dependencies from spatial task features. Building on this rich
representation, a context-aware decoder generates a globally
coordinated joint action for the entire team. We evaluated
C2T-JA against established baselines, including an exact solver
(Gurobi), a conventional heuristic (OR-Tools), and a leading
learning-based approach (AM-joint), on procedurally generated
benchmarks of varying scales and dependency structures. The
results demonstrate that our approach consistently produces
higher-quality solutions, measured by task completion rates,
while reducing decision times by several orders of magnitude,
particularly in large-scale scenarios.

I. INTRODUCTION

Due to the inherent constraints on the endurance and
operational range of a single Unmanned Aerial Vehicle
(UAV), coordinating multi-UAV teams for complex tasks has
become an active research area in modern robotics, with
applications in search-and-rescue, agricultural monitoring,
and environmental sensing [1], [2], [3]. In practice, these
tasks are rarely independent. As shown in Fig. 1, they are
governed by strict temporal constraints and dependencies,
which dictate that a task cannot begin until its prerequi-
sites are completed. This necessitates that each UAV make
decisions based on the team’s global state to pursue team-
level optimality. Furthermore, the limited endurance of UAVs
adds another constraint, requiring the team to maximize task
completion within a finite energy budget, while ensuring
every UAV can return to base.

This combination of causal dependencies with energy and
return-to-base constraints gives rise to a highly complex
problem, which falls squarely into the category of Multi-
Robot Task Allocation with Temporal and Ordering Con-
straints (MRTA/TOC) [4]. Existing methods show notable
limitations in handling such combined constraints. Exact
methods like Mixed-Integer Programming (MIP) [5], [6] can
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Fig. 1. An illustration of the multi-UAV task allocation problem with
causal dependencies. A team of UAVs departs from the base station to
perform spatially distributed tasks, which are interconnected by prerequisite
constraints (dashed arrows) dictating the execution order.

find optimal solutions for small-scale problems, but their
exponential computational complexity makes them imprac-
tical beyond modest instance sizes. While computationally
faster, heuristic and meta-heuristic algorithms [7] rely on
handcrafted rules, which limits their ability to generalize
across diverse and complex dependency structures. Similarly,
distributed auction algorithms [8], [9] support decentralized
decision-making but are susceptible to getting stuck in local
optima when faced with multi-level dependencies that require
global coordination. Recently, learning-driven approaches,
particularly Deep Reinforcement Learning (DRL), have
emerged as a promising direction. Among these, attention-
based architectures have demonstrated notable performance
[10], [11]. While these methods show potential for efficient
and generalizable decision-making, their standard attention
structures can create a representational bottleneck when
handling intricate dependencies, and struggle to decouple
tasks’ physical attributes from their logical dependencies.
This reveals the need for a decision-making algorithm that
explicitly models and leverages intricate causal dependen-
cies.

To address this problem, we propose the Causal-Channel
Transformer for Joint Allocation (C2T-JA), an end-to-end
DRL framework with a hybrid attention mechanism. Its
core is a dual-branch attention encoder that uses a causal
extension mechanism to explicitly construct multi-order, dis-
entangled dependency channels. By processing feature cor-
relations and logical dependencies in two separate branches,
this design effectively decouples these information sources,
generating richer representations that encode the complex
task logic. Building on these, a context-aware decoder uses
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a history attention module that leverages representations of
future candidate tasks to attend to relevant historical informa-
tion, constructing dynamic UAV representations. Combined
with cross-attention and a dynamic multi-constraint mask,
the decoder directly generates a globally feasible joint action
for the entire team. We evaluated C2T-JA against established
approaches, including the OR-Tools VRP solver [12], the
Gurobi MIP solver [13], and AM-joint (adapted from AM
[10]), on randomly generated instances of varying scales
(e.g., 80 to 200 tasks) and varying dependency structures.
The results show that C2T-JA yields solutions of higher
quality, as evidenced by greater task completion rates and
shorter decision times in most scenarios.

II. RELATED WORK

The MRTA/TOC problem involves the assignment and
scheduling of tasks for multiple robots under time windows,
precedence, and synchronization constraints [4]. The core
challenge lies in coordinating complex temporal dependen-
cies and scheduling. It is a generalization of the classic
Vehicle Routing Problem (VRP) for multi-agent scenarios,
further complicated by real-world operational factors like
strict energy budgets.

Building on the above problem setting, prior work falls
into three strands. First, while exact methods (e.g., MIP)
offer theoretical guarantees of optimality, they scale poorly as
instance size or constraint density grows. For instance, Bred-
ström et al. [14] employed a branch-and-price framework and
noted that the pricing subproblem in their column-generation
approach becomes especially challenging under complex
dependency structures. Similarly, Korsah et al. [15] showed
that their set-partitioning formulation increases solver diffi-
culty, as handling intricate precedence constraints leads to a
densification of the constraint matrix. Second, heuristic algo-
rithms trade theoretical optimality for computational speed.
While efficient, heuristic algorithms do not guarantee global
optimality, and their performance is often constrained by pre-
defined search strategies that are sensitive to initialization.
For example, Jones et al. [16] developed a local search
strategy on time-extended graphs and highlighted that its
performance is confined by the definition of the search
neighborhood. Similarly, Bischoff et al. [7] proposed a two-
stage method that combines greedy construction with local
improvements, but they reported that under strong collabora-
tive constraints, its improvement operators struggle to escape
local optima when navigating the fragmented feasible region.
Finally, distributed auction algorithms [17], [18] enhance
scalability through decentralized decision-making. In prac-
tice, these algorithms rely on a greedy bidding mechanism
that uses local price information. This approach struggles
when strong collaborative constraints give rise to complex,
non-submodular team utility. Under such conditions, the
mechanism can misestimate the true combinatorial value of
long precedence chains, ultimately yielding globally subop-
timal assignments.

While DRL offers a promising direction for MRTA/TOC,
current approaches still grapple with two fundamental chal-

lenges: representing causal dependencies and maintaining
global consistency. The first of these manifests as a crit-
ical representational bottleneck for causal dependencies.
Although Graph Neural Networks (GNNs) are a natural
choice for modeling task relationships, classic models such
as GCN [19] and GAT [20] are often hampered by over-
smoothing and training instability when stacked to capture
long-range causal dependencies. More importantly, higher-
order GNNs [21], [22], [23], [25] designed to address this
problem have inductive biases that primarily favor aggregat-
ing multi-hop neighborhood features or diversifying feature
propagation. They lack mechanisms to explicitly encode the
hierarchical (k-hop precedence) relationships inherent in a
directed acyclic graph (DAG). Consequently, as standard
attention mechanisms lack an explicit inductive bias for such
hierarchical structures, attention-based DRL frameworks like
AM [10] and CapAM [24] tend to produce myopic decisions
when faced with dense, long-range causal dependencies. This
highlights the need for an architecture that can inject the
hierarchical causal structure of tasks as a strong inductive
bias directly into the representation learning process.

The second major difficulty lies in coordinating joint deci-
sions under heterogeneous constraints. Current DRL policies
often fail to guarantee global consistency. This manifests
in two ways. First, sequential decoding frameworks, such
as the one used by AM, decide for one agent at a time.
Faced with tightly coupled constraints, a single greedy deci-
sion can drastically shrink the subsequent feasible solution
space, trapping the policy in a local optimum. Second,
while traditional multi-agent reinforcement learning meth-
ods like Actor-Attention-Critic [26] excel at coordinating
agent policies, their optimization objective is not the joint
optimization of task-to-agent assignments, making it hard
to ensure global feasibility under strict temporal constraints.
Moreover, a systematic approach for managing multiple,
heterogeneous constraints is often missing in existing work.
Thus, a key research direction is the design of a DRL
architecture capable of deeply representing complex causal
structures while efficiently coordinating diverse and coupled
constraints.

III. PROBLEM FORMULATION

A team of n autonomous UAVs, denoted by U =
{u1, u2, . . . , un}, departs from a single base station T0
to perform m spatially distributed tasks. Without loss of
generality, the spatial coordinates of all tasks and the base
station are assumed to lie within the unit square [0, 1]2.
We represent the base station and tasks as a unified set
of nodes T = {T0, T1, . . . , Tm}, where each node Ti is
associated with spatial coordinates (xi, yi) and a reward ri
representing its value (T0 has a reward of r0 = 0). We define
precedence constraints among tasks and model these relation-
ships using a dependency matrix D ∈ {0, 1}(m+1)×(m+1),
where Dij = 1 indicates that Ti is a prerequisite for Tj .
These dependencies collectively form a DAG. To maintain
dimensional consistency, the matrix includes T0, but the
base has no dependencies, i.e., ∀i, j,D0j = Di0 = 0.
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Each UAV ua ∈ U has a limited maximum flight distance
dmax,a. This constrains the UAV’s operational range and
mandates that any route ensures a return to T0. Additionally,
each task can be performed at most once. Therefore, the
optimization objective is to develop a cooperative policy
that maximizes the team’s total number of completed tasks,
subject to precedence constraints, UAV energy budgets, and
return-to-base requirements.

IV. METHODOLOGY

We formulate this problem as a Markov Decision Process
(MDP) and introduce C2T-JA, our proposed end-to-end deep
reinforcement learning framework. At its core, C2T-JA is
a Transformer-based encoder-decoder network designed to
learn a direct mapping from state to a joint team-wide action.
The encoder is a dual-branch hybrid attention module that
decouples the spatial attributes of tasks from their causal
dependencies and learns their respective representations. The
decoder is a context-aware module that generates a joint
action for the entire team, satisfying all constraints. The
following sections present the MDP formulation, network
architecture, and training method.

A. RL formulation

a) State: At each decision step t, the state st provides
a complete snapshot of the dynamic information needed for
decision-making. The state is defined by the tuple st =
(Zt,Ht,Mt). The first component, Zt = {zu,t}nu=1, rep-
resents the UAV team’s status, where each element zu,t =
(pu,t, du,t) details UAV u’s current location pu,t ∈ R2 and
remaining flight distance du,t ∈ R+. Initially, this distance is
set to the UAV’s maximum range, du,0 = dmax,u. The second
component, Ht = {Hu,t}nu=1, records the team’s historical
trajectories, with Hu,t being the sequence of task nodes
completed by UAV u since departing from T0, initialized
as Hu,0 = (T0). The final component is a dynamic multi-
constraint feasibility mask, Mt ∈ {0, 1}n×(m+1). Concretely,
Mt is computed from an element-wise logical AND of
several masks: the UAV availability mask (Mu,t), which
zeros out rows for UAVs that have returned to T0; the
dependency mask (Mdep,t), which ensures task prerequisites
are met and prevents reassignment of completed tasks; and
the energy and return-to-base mask (Men,t). The dependency
mask applies only to task nodes. The energy mask confirms
a UAV has sufficient range for a round trip, as determined
by:

Men,t(u, j) = 1[dist(pu,t, Tj) + dist(Tj , T0) ≤ du,t] (1)

where dist(·, ·) is the Euclidean distance and 1[·] is the
indicator function. This mask strictly restricts the action
space, guaranteeing that hard constraints like flight distance
are never violated during deployment.

b) Action: The action at at step t is a joint action
that assigns new tasks to all available UAVs. This action
is a set of UAV-to-task assignment pairs, denoted as at =
{(u1, j1), . . . } ⊆ U × T . Since the node set T includes
the base station (T0), an assignment to this node (j = 0)

represents a return-to-base action. For a valid assignment,
each UAV can appear at most once in this set, and each
task can appear at most once, except for T0, which may be
assigned to multiple UAVs. Furthermore, every pair (u, j) in
at must satisfy the feasibility mask, meaning Mt(u, j) = 1.

c) Reward: To align the agent’s objective with the
global optimization goal, we use a sparse terminal reward
given only at the end of an episode. No intermediate rewards
are provided. When an episode concludes because no feasible
UAV–task pair remains, a single total reward R is calculated.
This reward is the sum of the predefined values for all tasks
completed during the episode: R =

∑
k∈Hfinal

rk, where
Hfinal is the set of all completed tasks and rk is the reward
for task Tk.

B. Policy network

After formalizing this problem as a MDP, we design a
parameterized policy network πθ(a|s), to learn a mapping
from a state s to a joint action a. This network uses a
Transformer-based encoder-decoder architecture, as shown
in Fig. 2.

a) Causal Extension: To model the long-range causal
dependencies between tasks, we design a causal extension
module to explicitly capture multi-hop dependency relation-
ships. The standard dependency matrix D only represents di-
rect prerequisite relationships. To address this, we first define
an r-hop reachability matrix, R(r), whose elements are given
by (R(r))ij = 1[(Dr)ij > 0], where 1[·] is the indicator
function that checks for the existence of a dependency path
of length r. To isolate the shortest causal distances and create
mutually exclusive dependency channels, we further extract
adjacency matrices Er that represent shortest paths of exactly
r hops. The recursive definition ensures that (Er)ij = 1 if
and only if the shortest dependency path from Ti to Tj is
exactly r hops:

E1 = D, Er = R(r) ∧

(
¬

r−1∨
l=1

El

)
for r > 1 (2)

where ∧, ¬, and
∨

represent element-wise logical oper-
ations. For example, in the illustrated ”Causal Extension
Example,” the relation T1 → T3 is a 1-hop relationship
(K1). Because a path T1 → T3 → T5 exists and no
shorter path is available, (T1, T5) is classified as a 2-hop
relationship (K2). This process decomposes the dependency
graph into multiple, mutually exclusive causal channels. To
stabilize information propagation along these channels, we
perform row-normalization on each Er by dividing by the
out-degree of each node, deg

(r)
i =

∑
j(Er)ij , to obtain

a row-stochastic matrix Ẽr. The normalized matrix Ẽr is
calculated as follows:

(Ẽr)ij =

{
(Er)ij/ deg

(r)
i , if deg

(r)
i > 0

0, otherwise
(3)

The resulting matrix Ẽr encodes successor relationships. We
also use its transpose ẼT

r , to model predecessor relationships.
Finally, we construct a set of matrices for all these causal
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Fig. 2. The overall architecture of C2T-JA. The encoder, featuring a dual-branch Causal-Graph Attention (CGA) and Multi-Head Attention (MHA),
computes task embeddings that capture both causal and spatial relationships. The Prospective History Attention (PHA) module generates a context vector
by processing the encoder output, the feasibility mask Mt, and the team’s trajectory history Ht. Finally, the decoder integrates this context, performs
multi-head self-attention (MHSA) and a multi-head cross-attention (MHCA), and executes a joint allocation step constrained by Mt to output a valid joint
action at.

channels Ẽ = {Ẽ1, Ẽ
T
1 , . . . , ẼR, Ẽ

T
R}, which serves as input

to the subsequent modules. Here, R is the maximum number
of hops to explore. This entire mechanism provides a strong
structural inductive bias, allowing the network to learn a
disentangled, hierarchical representation of task precedence
rather than treating all dependencies monolithically.

b) Encoder: We design a dual-branch hybrid attention
encoder to produce rich embeddings capturing both task
attributes and structure. The encoder processes information
in two parallel branches: a multi-head self-attention module
(MHA) and a Causal-Graph Attention (CGA) module. The
raw input consists of two parts: the initial feature embeddings
for each task, formed by concatenating its coordinates and
reward value, and the set of causal extension matrices Ẽ. We
first project the task attributes into initial task embeddings
h0 ∈ R(m+1)×dh , where the embedding dimension is dh =
128. The encoder is composed of L structurally identical
layers, and we use the superscript l ∈ {1, . . . , L} to denote
the layer number. The first branch is a standard MHA layer
[27] with 8 heads, which captures feature similarities and
spatial correlations. For each layer l, this module takes the
task embeddings hl−1 as input to produce globally-informed
representations hl

m = MHA(l)(hl−1), where the weights
are unique to each layer. The CGA branch is designed
to encode causal dependencies and propagate information
along the causal channels. This module establishes paral-
lel predecessor–successor paths for each hop count r ∈
{1, . . . , R}. In the predecessor path, input features hl−1 are
linearly transformed by a dedicated weight matrix W

r(l)
pred,

unique for each hop count r, and then aggregated from r-
hop predecessors using ẼT

r as the propagation operator. The

successor path acts analogously using W
r(l)
succ and Ẽr. This

fusion of information from multiple channels is the core
of the CGA mechanism. The model learns to dynamically
weigh the importance of each of the 2R predecessor and
successor paths via a learned attention vector, resulting in a
unified representation ĥl

c:

ĥl
c =

R∑
r=1

[
α′(l)
r,succ ·

(
Ẽr

(
hl−1W r(l)

succ

))
+ α

′(l)
r,pred ·

(
ẼT

r

(
hl−1W

r(l)
pred

))] (4)

hl
c = ĥl

cW
l
co (5)

where α
′(l)
r,pred and α

′(l)
r,succ are attention weights derived

from a learnable, per-layer parameter vector α(l) of length
2R via softmax normalization. After obtaining hl

m and hl
c,

we fuse them using a MixConnection layer. The fusion
weights are computed from a learnable, per-layer parameter
vector β(l) = [βm, βc] by applying a softmax function
σ(·) to it, forming a learnable convex combination where
σ(β(l))m + σ(β(l))c = 1. This dynamically balances feature
and structural information. The fused features then pass
through a standard transformer block: a residual connection
with Batch Normalization (BN), feed-forward network (FFN:
Linear–ReLU–Linear, hidden size 512), and a final residual
connection with BN. The computational flow is:

ĥl = σ(β(l))mhl
m + σ(β(l))ch

l
c (6)

h̃l = BNl(hl−1 + ĥl) (7)

hl = BNl
(
h̃l + FFNl

(
h̃l
))

(8)
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After L layers, the encoder outputs a tensor hout ∈
R(m+1)×dh containing the final node embeddings.

c) Decoder: The encoder’s output hout and the current
state st serve as the inputs to the decoder. The initial
UAV state features Z are linearly projected to obtain initial
UAV embeddings hu ∈ Rn×dh . Concurrently, we design a
context-aware module named the Prospective History At-
tention (PHA), which takes hout, Ht, and Mt as input to
dynamically extract the most relevant historical information
for the current decision. First, we generate a query vector Q
for each UAV by applying max-pooling over the embeddings
of all its accessible task nodes. This excludes T0 because its
zero reward and fixed coordinates would dilute the query’s
focus on actual future targets. This query vector is then
used as an attention probe to match against key vectors
derived from all task nodes, enabling a precise review of
past trajectories. To ensure this review is confined to each
UAV’s own past trajectory, we apply a historical mask Mt

that masks out attention scores for any node not present
in that UAV’s path history Hu,t. The final context vector,
hcontext ∈ Rn×dh , is then obtained by this masked, attention-
weighted sum. The computational flow is as follows:

Q = W q
context · MaxPoolj≥1 (Mt (hout)) , (9)

K = W k
contexthout, V = hout (10)

hcontext = softmax

(
QKT

√
dh

+Mt

)
· V (11)

where W q
context and W k

context are learnable weight matrices;
and Mt(hout) denotes the set of embeddings of all currently
available tasks for each UAV.

In the decoding phase, we first fuse the context vector
hcontext with the initial UAV embeddings hu and process
them through a multi-head self-attention (MHSA) module
to update UAV representations ĥu, which allows UAVs to
reason about each other’s states and attended histories. Sub-
sequently, we employ a multi-head cross-attention (MHCA)
module, using ĥu as the Query and the task node em-
beddings hout as the Key and Value, to further refine the
UAV representations. The output, h′

u, captures the complex
interactive relationships between each UAV and all tasks.
Finally, we compute the final allocation logits matrix, S ∈
Rn×(m+1), by taking the scaled dot-product between the
UAV representations in h′

u and the task embeddings hout,
followed by a tanh clipping function. The core computation
is as follows:

h̃u = hu + hcontext, ĥu = BN(MHA(h̃u) + h̃u) (12)

h′
u = MHCA(ĥu, hout, hout) (13)

Sij = C · tanh
(
((h′

u)i)
T (hout)j√
dh

)
(14)

where Sij is the compatibility score for assigning node j to
UAV i, and C = 10 is a clipping hyperparameter. The joint
action at is constructed through an auto-regressive decoding
procedure. At each step, we first apply the mask Mt to
the logits matrix S, masking out all invalid UAV-to-task

assignments. The remaining valid logits are then flattened
into a vector and converted into a probability distribution
over all currently possible assignments using a softmax
function. Then we select a single assignment (u, j) from
this distribution, using either sampling or greedy. After a
pair is selected, we update the constraint mask to reflect this
assignment. A key special case in this update is that if a task
node is assigned, both the UAV and the task are masked
out. If T0 is assigned, only the UAV is masked, while T0
remains available as a many-to-one destination. This process
is repeated until all available UAVs are assigned a task,
forming a joint decision that satisfies global constraints.

C. Training

We optimize πθ(a|s) using REINFORCE with a greedy
rollout baseline. For combinatorial routing, this directly com-
pares with the best-found greedy strategy, effectively stabi-
lizing high-variance updates without the complexity of PPO.
Our framework pairs a policy network πθ with a structurally
identical baseline network πb. During each episode, the
policy network generates a trajectory Π by sampling, while
the baseline network generates a deterministic trajectory Πb

greedily. The difference in their rewards (R(Π)−R(Πb)) is
used as an advantage estimate to compute the policy gradient.
The gradient of the final loss function reads:

∇θL(θ) = EΠ∼πθ
[(R(Π)−R(Πb))∇θ log πθ(Π|s0)] (15)

The baseline’s return R(Πb) is detached from the computa-
tion graph to ensure an unbiased gradient. Here, Π represents
the full sequence of joint allocations made across all decision
steps in an episode. To ensure the baseline remains a strong
reference, its weights are periodically updated. When the
policy network outperforms the baseline on the validation
set (paired t-test, p < 0.05), its weights are copied to
the baseline network. During training, the average terminal
reward steadily converges within the 150 epochs, demonstrat-
ing stable policy learning despite the lack of intermediate
guidance.

V. EXPERIMENTS

In this section, we conduct a comprehensive set of experi-
ments to validate our framework’s effectiveness. We compare
our method against several baselines in terms of solution
quality and computation time across a range of scenarios with
varying task scales and dependency complexities. To provide
a deeper analysis, we also conduct an ablation study to verify
the necessity of each core component and run experiments
in dynamic scenarios to assess the model’s online decision-
making capabilities under uncertainty. The code can be found
at: https://github.com/zxt6789/C2T-JA.

A. Experimental Setting

To construct the test scenarios, we first deploy task points
uniformly in a normalized two-dimensional space, adhering
to a concentric ring layout, sector partitioning, and minimum
distance constraints. Simultaneously, the drone base station
is randomly placed in an outer annular region that does
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not overlap with the central task area. Subsequently, depen-
dencies are established between tasks in adjacent regions
to programmatically generate four logical structures with
distinct challenges: Mixed, Long-Chain, Convergent, and
Divergent, as illustrated in Fig. 3. All task reward values are
uniformly set to 1.0. In the scale tests, a shorter initial flight
distance 1.8 is used to impose stricter energy constraints,
while in the structure tests, a longer initial flight distance
2.0 ensures solution feasibility, focusing the evaluation on
the algorithm’s ability to handle dependency structures.
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Fig. 3. Visualization of the four task dependency graphs used as test
scenarios: (a) Mixed, (b) Long-chain, (c) Convergent, and (d) Divergent.

All experiments are conducted on a workstation equipped
with an NVIDIA RTX 4090 GPU. The encoder layer count
is set to L = 3. Since our generated DAGs are predominantly
shallow (Fig. 3), we cap the causal channel depth at R = 3
to balance modeling coverage against complexity, as deeper
channels offered diminishing validation gains. The model is
trained for 150 epochs, with each epoch comprising 128,000
dynamically generated instances. Training is performed using
mini-batches of size 512. At the end of each epoch, the
current policy is evaluated on a fixed validation set (2048
instances), and a paired t-test is used to determine whether
it significantly outperforms the baseline network, guiding
the decision to update the baseline. For optimization, we
employ the Adam optimizer with an initial learning rate of
1× 10−4, which undergoes exponential decay with a factor
of 0.995 after each training epoch. To further ensure training
stability, gradient clipping is applied, limiting the L2 norm of
gradients to 3.0. To guarantee experimental reproducibility,
the global random seed is uniformly set to 126.

B. Comparison Analysis

We compare our C2T-JA against baselines from three
categories: Gurobi as the exact solver, OR-Tools as the con-

ventional heuristic, and AM-joint, a learning-based method
adapted from the Attention Model [10] for joint multi-agent
task allocation. To ensure a fair comparison, we configured
the OR-Tools solver to align with our primary objective:
maximizing the number of completed tasks. This deviates
from its typical goal of minimizing travel distance. For
Gurobi, we formulate a MIP that maximizes the number
of completed tasks under the same constraints to ensure
objective alignment with all baselines. As an exact solver,
Gurobi is computationally intensive; thus, we assess it on 30
test instances per problem size with a 3600-second time limit,
whereas the other baselines are evaluated on 512 instances
without time constraints. For non-exact baselines and our
method, we report wall-clock computation time per instance
without an artificial cutoff; this reflects practical decision
latency rather than exhaustive search. For both the AM-
joint baseline and our C2T-JA, we apply greedy decoding
during testing as outlined in the methodology. AM-joint also
uses the identical feasibility masks (dependency, energy, and
return-to-base) to ensure parity. To evaluate performance
across different scales, we constructed test instances with
a Mixed dependency structure, involving 80, 100, 150,
and 200 tasks, each tested with teams of 4 and 6 UAVs.
Instances are denoted as T[tasks]U[UAVs] (e.g., T80U4 for
80 tasks and 4 UAVs). The results are presented in Table I,
which summarizes the average task completion rate (ATCR),
computation time, and performance gap for all methods. To
quantify the relative performance, we define the gap against
the best-performing approach as:

Gap =
ATCRbest − ATCR

ATCRbest
× 100%

where ATCRbest is the highest ATCR achieved by any method
for that specific test case.

Gurobi’s performance as an exact solver highlights the
problem’s computational complexity. While achieving a
61.10% ATCR on the T80U4 instance, its solution quality
sharply deteriorates with scale, dropping to a mere 3.00%
on T200U6 and resulting in a performance gap of 95.39%
against the best method, all while consistently hitting the
3600-second time limit. This underscores the severe scala-
bility limitations of exact methods for this problem class.
In contrast, learning-based and heuristic methods are far
more efficient. However, a clear performance gap emerges
between them. The AM-joint baseline, while extremely fast,
consistently underperforms, exhibiting a performance gap
relative to the best solution that ranges from 4.11% to
10.13%. This suggests its standard attention mechanism is
insufficient for navigating the complex constraints.

The most revealing comparison is with OR-Tools. While
OR-Tools achieves the highest ATCR on the smallest T80
instances, a critical trend emerges as the problem scales.
Starting from the T100U4 instance, our C2T-JA model begins
to outperform OR-Tools, achieving a 62.96% ATCR com-
pared to 60.66%. This advantage is sustained across all larger
instances. For example, on the largest T200U6 instance,
C2T-JA achieves an ATCR of 65.01% versus OR-Tools’
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TABLE I
PERFORMANCE COMPARISON ACROSS DIFFERENT SCALES.

Instance Method ATCR(%) Time (s) Gap(%)

T80U4
Gurobi 61.100 ± 2.3100 3600 15.07
OR-Tools 71.940 ± 0.0049 7.12240 0.00
AM-joint 64.658 ± 0.4530 0.00715 10.12
C2T-JA(ours) 68.250 ± 0.3990 0.01037 5.13

T80U6
Gurobi 73.880 ± 1.2600 3600 15.66
OR-Tools 87.600 ± 0.0052 11.38760 0.00
AM-joint 80.208 ± 0.5780 0.00740 8.44
C2T-JA(ours) 82.595 ± 0.5340 0.00989 5.71

T100U4
Gurobi 42.480 ± 2.3800 3600 32.53
OR-Tools 60.660 ± 0.0046 7.80540 3.65
AM-joint 59.002 ± 0.3610 0.00959 6.29
C2T-JA(ours) 62.960 ± 0.3750 0.01184 0.00

T100U6
Gurobi 42.280 ± 3.7400 3600 47.87
OR-Tools 78.400 ± 0.0051 12.17000 3.33
AM-joint 76.025 ± 0.5150 0.00955 6.26
C2T-JA(ours) 81.104 ± 0.4704 0.01108 0.00

T150U4
Gurobi 35.880 ± 0.6400 3600 35.13
OR-Tools 52.840 ± 0.0038 30.87600 4.47
AM-joint 51.320 ± 0.3190 0.01345 7.22
C2T-JA(ours) 55.314 ± 0.3160 0.02096 0.00

T150U6
Gurobi 37.560 ± 3.7900 3600 47.75
OR-Tools 69.320 ± 0.0048 45.11690 3.57
AM-joint 68.022 ± 0.4300 0.01361 5.38
C2T-JA(ours) 71.889 ± 0.4160 0.02222 0.00

T200U4
Gurobi 16.770 ± 1.7700 3600 65.66
OR-Tools 45.680 ± 0.0039 67.17160 6.46
AM-joint 44.089 ± 0.2880 0.01816 9.72
C2T-JA(ours) 48.837 ± 0.2980 0.03308 0.00

T200U6
Gurobi 3.000 ± 0.0000 3600 95.39
OR-Tools 62.420 ± 0.0046 109.88200 3.98
AM-joint 62.335 ± 0.3940 0.01769 4.11
C2T-JA(ours) 65.007 ± 0.3770 0.03458 0.00

62.42%. Crucially, this higher performance is achieved with
unparalleled speed. On the same T200U6 instance, C2T-JA’s
decision-making is over three orders of magnitude faster than
OR-Tools (0.035 s versus 109.882 s). This combination of
higher solution quality on large-scale instances and near-
instantaneous decision-making showcases the key advantage
of our end-to-end approach. By learning a direct policy from
state to joint action, C2T-JA bypasses the costly combina-
torial search that limits traditional methods, achieving an
exceptional balance of performance and efficiency.

Additionally, to assess the algorithm’s ability to handle
different dependency structures, we conduct tests across the
four logical structures at a fixed problem scale (T120U4).
This controlled setting is chosen for the ablation study to
isolate the model’s structural reasoning capabilities from the
confounding variable of problem scale.

Table II confirms the necessity of our core designs: re-
moving either the causal extension (w/o CE) or the dual-
branch encoder (w/o CGA) causes significant performance
drops across all structures. In Convergent cases, explicit
multi-hop dependency modeling (CGA+CE) together with
context-aware decoding (PHA) helps prioritize bottleneck
paths and maintain temporal consistency across agents (w/o
PHA 6.85%, w/o CGA 5.03%). In Divergent cases, once
a key prerequisite is met, deep causal modeling (CGA/CE:
6.75%/4.05%) and the joint-allocation decoder enable one-
shot, globally coordinated assignment, improving parallel

TABLE II
ABLATION STUDY AND PERFORMANCE ON DIFFERENT

DEPENDENCY STRUCTURES.

Instance Method ATCR(%) Time (s) Gap(%)

Mixed

Gurobi 41.010 ± 0.7500 3600 37.34
OR-Tools 63.850 ± 0.0042 19.7620 2.44
AM-joint 63.013 ± 0.3600 0.0109 3.72
C2T-JA(ours) 65.448 ± 0.3600 0.0167 0.00
w/o CGA 62.388 ± 0.4210 0.0148 4.68
w/o PHA 63.605 ± 0.3450 0.0146 2.82
w/o CE 63.675 ± 0.3300 0.0151 2.71

Divergent

Gurobi 31.810 ± 2.4300 3600 50.65
OR-Tools 64.200 ± 0.0042 20.8027 0.40
AM-joint 60.763 ± 0.3310 0.0109 5.73
C2T-JA(ours) 64.458 ± 0.3390 0.0171 0.00
w/o CGA 60.106 ± 0.3810 0.0154 6.75
w/o PHA 63.791 ± 0.3490 0.0144 1.03
w/o CE 61.847 ± 0.3200 0.0163 4.05

Convergent

Gurobi 43.960 ± 4.1900 3600 45.54
OR-Tools 79.690 ± 0.0028 25.2977 1.28
AM-joint 76.810 ± 0.3770 0.0099 4.85
C2T-JA(ours) 80.721 ± 0.3500 0.0166 0.00
w/o CGA 76.663 ± 0.3860 0.0149 5.03
w/o PHA 75.190 ± 0.4930 0.0141 6.85
w/o CE 78.663 ± 0.5040 0.0153 2.55

Long-Chain

Gurobi 36.160 ± 2.1700 3600 43.44
OR-Tools 62.710 ± 0.0041 19.312 1.91
AM-joint 61.463 ± 0.3690 0.0099 3.86
C2T-JA(ours) 63.929 ± 0.3500 0.0166 0.00
w/o CGA 61.901 ± 0.4100 0.0144 3.17
w/o PHA 61.219 ± 0.3590 0.0143 4.24
w/o CE 62.557 ± 0.3440 0.0152 2.15

rollout over sequential heuristics. In Long-Chain cases, ex-
plicit long-range reasoning (CGA/CE) and history-guided
decoding (PHA 4.24%, CE 2.15%) sustain long-horizon
planning and mitigate proximity bias. In Mixed cases, which
blend these patterns, we observe cumulative benefits from all
modules and consistent degradations when any is removed.
Overall, these results indicate that C2T-JA synergistically
reasons over the causal task structure and the team state;
removing any core module weakens structural foresight or
coordination and leads to measurable performance loss.

C. Experiments in Dynamic Scenarios
To evaluate the robustness of C2T-JA, we test its online

decision-making in dynamic scenarios with partial observ-
ability, using the T150U6 instance with a Mixed dependency
structure as the testbed. Here, each UAV can only detect
tasks within a limited perception radius, simulating real-
world informational constraints. By systematically varying
this radius and comparing performance against the static,
full-information case, we quantify the model’s resilience to
environmental uncertainty.

TABLE III
PERFORMANCE UNDER PARTIAL OBSERVABILITY.

Instance radius ATCR(%) Time (s) Gap(%)

T150U6

Static 71.889 ± 0.416 0.0222 0.00
0.5 71.223 ± 0.419 0.1150 0.93
0.4 70.014 ± 0.535 0.1224 2.61
0.3 60.921 ± 1.310 0.1264 15.26
0.2 38.012 ± 1.699 0.1390 47.12

The results in Table III confirm the model’s sensitivity
to observability. While the performance gap is minimal
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(0.93%) with a near-global perception radius of 0.5, it
increases sharply to 47.12% as the radius shrinks to 0.2.
This degradation is an expected consequence of our policy’s
training on full information, which makes it adept at global
optimization but not inherently robust to the information
scarcity required for effective long-horizon planning. With-
out sufficient perceptual range, the model fails to anticipate
conflicts and opportunities among spatially dispersed tasks,
leading to myopic decisions that are only locally optimal.
Nonetheless, the policy maintains its core advantage of near-
instantaneous decision-making (< 0.14 s), revealing a key
trade-off between global optimality and computational speed.
This suggests its value where rapid replanning is critical.
Future work could improve robustness by incorporating par-
tial observability during training or integrating local search
algorithms.

VI. CONCLUSION

In this paper, we addressed the challenging problem of
multi-UAV task allocation under complex causal depen-
dencies and energy constraints by proposing C2T-JA. Our
framework explicitly models multi-hop dependencies to gen-
erate globally coordinated joint actions for the entire UAV
team. Comprehensive experiments demonstrated that C2T-JA
significantly outperforms established baselines, particularly
on large-scale instances, achieving higher task completion
rates while reducing decision times by orders of magnitude.
Furthermore, ablation studies confirmed the contribution of
our core architectural components, and tests in dynamic
scenarios highlighted the policy’s robustness.

Future work will explore extending our discrete-time
framework to a continuous-time model for handling asyn-
chronous events like stochastic task arrivals. We also plan to
investigate multi-objective optimization and bridge the sim-
to-real gap by deploying our policies on physical multi-robot
systems.
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