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1 Supplementary figures
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Fig. 1: Results of heuristic-based methods under various time points. The three figures on the
left show the results of PDP under ALNS, SA, and TS algorithms; The three figures on the right show
the results of TOP under GA, ACO, and PSO algorithms. The maximum operating times are restricted
to 1 minute, 3 minutes, 10 minutes, and 30 minutes.
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Fig. 2: Out-of-distribution results. During the training phase, we employ uniform distributions to
simulate team configurations; While in the testing phase, normal distributions are utilized to mimic real
team configurations. In all models, GATR still maintains its advantages, which demonstrates its strong
generalization capability when facing out-of-distribution teams.
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2 Supplementary tables

Table 1: Notation table for CVRP.

Sets Description

N The demand node set

N0 The node set, N0 = N ∪ {0}

K The ad hoc team set

Parameters Descriptions

0 The depot of the team

qi The demand at node i

dij The distance from node i to node j

si The service time spent at node i

c0 the loading time in depot to replenish supplies

F k The speed of team member k

lki Remaining capacity of member k after leaving node i

Qk The nominal capacity of the member k

aki The time when member k arrives at demand node i

ak0 The updated time when member k arrives at depot 0

T Maximum arrival time of all team members

M1,M2,M3 Large positive constant numbers

Decision Variables Descriptions

xk
ij 1 iff member k travels from node i to node j
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Table 2: Notation table for TOP.

Sets Description

C The data collection point set

N The node set, N = C ∪ {0}

K The ad hoc team set

Parameters Descriptions

0 The depot of the team

dij The distance from node i to node j

si The service time spent at node i

F k The speed of member k

T k
max The travel time limit of each team member k

pi The profit (data collected) of node i

aki The time when member k arrives at node i

M A large positive constant number

Decision Variables Descriptions

xk
ij 1 iff member k travels from node i to node j

zk0j 1 iff member k departs from the depot to node j on its initial trip
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Table 3: Notation table for PDP.

Sets Description

P Set of pickup points, P = {1, ..., n}

D Set of delivery points, D = {n+ 1, ..., 2n}

K Set of the ad hoc team

N Set of all points, N = P ∪D ∪ {0}

Parameters Description

n Number of pickup-delivery pairs

0 The depot of the team

dij The route distance between points i and j

psi The service time spent at pickup node i

dsi The service time spent at delivery node i

aki The arrival time at point i of team member k

fk
i Cumulative in-trip flight time of member k upon reaching node i

F k Travel speed of the member k

Lk Flight time cap for the member k

sw0 The time to replace the battery in depot

Me e = {1, 2, 3, 4, 5, 6}, large positive constant numbers

Decision Variables Description

xk
ij 1 iff member k traverses arc (i, j)

zk0j 1 iff member k departs from the depot to node j on its initial trip

Table 4: Team configuration distributions of ad hoc teams.

Team parameters VRP TOP PDP

Member speed (km / h) U(20, 40) U(50, 100) U(50, 100)

Member capacity (t) U(2, 5) N/A N/A

Member endurance (h) N/A U(2, 4) U(2, 4)

The number of members U(3, 6) U(5, 10) U(2, 5)
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Table 5: Settings of task scenarios.

Scenario parameters VRP TOP PDP

The number of demands U(60, 80) U(100, 120) U(30, 40)

Service time (h) 1/6 0.25 1/12

Loading time (h) 1/6 N/A N/A

Battery change time (h) N/A N/A 1/6

Table 6: Hyperparameter settings of networks.

Hyperparameter Value

Dimension of node embedding layers 128

Dimension of hidden layers 512

Dimension of context embedding layers 128

Dimension of query, key, and value 16

Number of heads 8

Number of encoder layers 6

Number of context layers 1

Clipping factor 10

Table 7: Hyperparameter settings of training.

Hyperparameter Value

Batch size 32

Pomo size 10

Number of epochs 2e3

Number of episodes per epoch 1e5

Initial learning rate 1e−4

Weight decay 1e−6

Milestones [501, 1001, 1501]

Decay rate γlr 0.5
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Table 8: Team configuration of the out-of-distribution ad hoc team.

Team parameters VRP TOP PDP

Member speed (km / h) N (30, 10) N (75, 20) N (75, 20)

Truncation range of member speed (km / h) (10,+∞) (40,+∞) (40,+∞)

Member capacity (t) N (3.5, 1) N/A N/A

Truncation range of member capacity (t) (1,+∞) N/A N/A

Member endurance (h) N/A N (3, 1) N (3, 1)

Truncation range of member endurance (h) N/A (1,+∞) (1,+∞)
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3 Optimization models

We rigorously present the mathematical optimization models for the three scenarios under

consideration, namely, the min-max Capacitated Vehicle Routing Problem (CVRP), the

Team Orienteering Problem (TOP), and the Pickup and Delivery Problem (PDP). Con-

sidering the establishment of ad hoc teams in our work, the distinction between our

models and the standard formulations lies in the heterogeneity among team members

in our setting. The corresponding notation tables, mathematical equations, and detailed

descriptions are provided below.

3.1 Capacitated Vehicle Routing Problem (CVRP)

In the CVRP model, the heterogeneity between team members lies in capacity and speed.

The objective is to minimize the maximum arrival time among all trucks while fulfilling

all supply demands. The mathematical model is formulated below.

min T (1)

s.t. ∑
k∈K

∑
i∈N0

xk
ij = 1 ∀j ∈ N, (2)∑

i∈N0

xk
ij =

∑
h∈N0

xk
jh ∀j ∈ N, ∀k ∈ K, (3)∑

j∈N

xk
0j =

∑
i∈N

xk
i0 ∀k ∈ K, (4)

lk0 = Qk ∀k ∈ K, (5)

lkj ≤ lki − qj +Qk(1− xk
ij) ∀i ∈ N0,∀j ∈ N,∀k ∈ K, (6)

0 ≤ lki ≤ Qk ∀i ∈ N0,∀k ∈ K, (7)

akj ≥ aki +
dij
F k

+ si −M1(1− xk
ij) ∀i ∈ N, ∀j ∈ N,∀k ∈ K, (8)

akj ≥ ak0 + (1− zk0j)c0 +
d0j
F k

−M2(1− xk
0j) ∀j ∈ N,∀k ∈ K, (9)

ak0 ≥ aki + si +
di0
F k

−M3(1− xk
i0) ∀i ∈ N,∀k ∈ K, (10)

T ≥ aki ∀i ∈ N, ∀k ∈ K, (11)

xk
ij ∈ {0, 1} ∀k ∈ K, ∀i ∈ N,∀j ∈ N. (12)

Constraint (2) stipulates that each demand node must be served exactly once by a

member. Flow balance at each demand node for team members is enforced by constraint

(3), and similarly, constraint (4) specifies the balance of team members entering and
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leaving the depot, with both the starting and ending points fixed at the depot. Multi-

trip operations are allowed, and each team member is permitted to replenish their supply

to full capacity upon returning to the depot, as indicated in constraint (5). Constraints

(6) and (7) delineate the evolution of load carried by team members when visiting any

demand node, while ensuring compliance with their nominal capacity; it is noteworthy

that constraint (6) has been linearized. The temporal ordering of node visits by team

members is defined in constraints (8) to (10), which correspond respectively to the time

transitions from one demand node to another, from the depot to a demand node, and from

a demand node back to the depot. These constraints incorporate both the service times

si at each node and the loading time c0 at the depot, and all have been linearized using

the big-M method. It is noteworthy that when a team member departs from the depot

for the first time, this moment is considered as time zero, and no additional loading time

is incurred. Consequently, we introduce an extra decision variable zk0j in (9) to indicate

whether team member k directly proceeds to demand node j after the initial departure

from the depot. Equation (11) establishes the relationship between the arrival time at

each demand node and the overall optimization objective T . The binary characteristics

of the decision variables are specified in equation (12).

3.2 Team Orienteering Problem (TOP)

In the TOP model, the heterogeneity between team members lies in speed and endurance.

The ad hoc team is hoped to collect maximum profits within a limited time frame, which

reflects the collected valuable disaster-related information.

max
∑
k∈K

∑
i∈N

∑
j∈N

pjx
k
ij (13)

s.t. ∑
i∈N

xk
im =

∑
j∈N

xk
mj ∀m ∈ C, ∀k ∈ K, (14)∑

k∈K

∑
i∈N

xk
ij ≤ 1 ∀j ∈ C, (15)∑

j∈N

xk
0j =

∑
j∈N

xk
j0 ≤ 1 ∀k ∈ K, (16)

aki +
dij
F k

+ si − akj ≤ M(1− xk
ij) ∀k ∈ K, ∀i ∈ N, ∀j ∈ N, (17)

aki ≤ T k
max ∀k ∈ K, ∀i ∈ N, (18)

xk
ij ∈ {0, 1} ∀k ∈ K, ∀i ∈ N,∀j ∈ N. (19)
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Constraint (14) establishes the flow balance at the data collection nodes. In the TOP

problem, due to constraints such as team members’ working time, not all nodes are neces-

sarily visited, as indicated by constraint (15). Similarly, constraint (16) ensures that each

team member departs from and returns to the depot at most once. The temporal order-

ing of node visits by team members is specified in constraint (17), which incorporates the

service time si required for collecting information at each node (with s0 = 0). The big-

M method is employed to linearize this constraint. Constraint (18) stipulates an upper

bound on the travel time for team members, denoted as T k
max, requiring them to return to

the depot within this limit; T k
max is determined by the heterogeneous capabilities of team

members. Finally, constraint (19) specifies the bounds for the decision variables.

3.3 Pickup and Delivery Problem (PDP)

In the PDP model, the heterogeneity between team members lies in speed and endurance.

The team member must visit the corresponding pick points to get medical resources before

visiting the delivery points. The ad hoc team is expected to minimize the average arrival

time at delivery points while fulfilling all delivery demands.

min
1

n

∑
k∈K

∑
i∈N

∑
j∈D

akjx
k
ij (20)

s.t.

∑
k∈K

∑
j∈N

xk
ij = 1 ∀i ∈ P ∪D, (21)∑

j∈N

xk
0j =

∑
i∈N

xk
i0 ∀k ∈ K, (22)∑

j∈N

xk
ji =

∑
j∈N

xk
ij ∀i ∈ P ∪D, ∀k ∈ K, (23)

xk
ij = 0 ∀i, j ∈ P, ∀k ∈ K, (24)

xk
ij = 0 ∀i, j ∈ D, ∀k ∈ K, (25)

xk
0j = 0 ∀j ∈ D, ∀k ∈ K, (26)

akj ≥ ak0 + (1− zk0j)sw0 +
d0j
F k

−M1(1− xk
0j) ∀j ∈ P, ∀k ∈ K, (27)

akj ≥ aki + psi +
dij
Fk −M2

(
1− xk

ij

)
∀i ∈ P, ∀j ∈ D ∪ {0}, ∀k ∈ K, (28)

akj ≥ aki + dsi +
dij
Fk −M3

(
1− xk

ij

)
∀i ∈ D, ∀j ∈ P ∪ {0}, ∀k ∈ K, (29)

fk
j ≥ fk

0 + (1− zk0j)sw0 +
d0j
F k

−M4(1− xk
0j) ∀j ∈ P, ∀k ∈ K, (30)

fk
j ≥ fk

i + psi +
dij
Fk −M5

(
1− xk

ij

)
∀i ∈ P, ∀j ∈ D ∪ {0}, ∀k ∈ K, (31)
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fk
j ≥ fk

i + dsi +
dij
Fk −M6

(
1− xk

ij

)
∀i ∈ D, ∀j ∈ P ∪ {0}, ∀k ∈ K, (32)

fk
j ≤ Lk ∀j ∈ N, ∀k ∈ K, (33)

fk
0 = 0 ∀k ∈ K, (34)

xk
ij ∈ {0, 1}, aki ≥ 0, fk

i ≥ 0 ∀i, j ∈ N, ∀k ∈ K. (35)

Constraint (21) ensures that each task node, whether a pickup or a delivery, is visited

exactly once by a team member. Constraint (22) enforces flow balance as team members

depart from and return to the depot, while also allowing multiple visits to the depot.

Similarly, constraint (23) defines the flow balance for the task nodes. Constraints (24)

to (26) restrict the visiting order among different types of nodes, requiring that team

members execute tasks in a sequential pickup–delivery pair order. Constraints (27) to (29)

maintain the temporal continuity of arrivals at each node, where aki represents the arrival

time of team member k at point i. In contrast, fk
i denotes the cumulative flight time for a

team member (UAV) during a single trip; notably, if a team member returns to the depot

before reaching the time limit to change batteries, the cumulative flight time is reset to 0

(i.e., fk
0 = 0), and a new trip commences. The continuity of cumulative time is established

in constraints (30) to (32). It is noteworthy that all three categories of nodes—those in

the set P , the points in the set D, and the depot (node 0)—are associated with a service

time, denoted by psi, dsi and sw0, respectively. Since no battery change is required when

a team member departs from the depot for the first time, an additional decision variable

zk0j is introduced to indicate whether team member k proceeds directly to task node j on

the initial departure from the depot. The upper bound on the working time for a single

trip by a team member is imposed by constraint (33), whereas constraints (34) and (35)

delineate the permissible ranges for the variables including decision variables.
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4 MDPs for ad hoc team routing problems

As a important branch of CO problems, The construction of a solution for the routing

problems is usually modeled as a Markov decision process (MDP), which is defined by a

tuple of components ⟨S,A,P ,R, γ⟩. Suppose M = {1, 2, . . . ,M} is the set of the ad hoc

team, and N is the set of nodes to serve. P is the state transition function, which we

take a deterministic probability, that is, P(st+1|at, st) = 1 if st+1 is the result of st taking

action at, otherwise P(st+1|at, st) = 0. γ is the discount factor of the return.

• State: The state st = (Kt,Vt) ∈ S contains the current state of both team and nodes,

where s0, sΘ are the initial empty state and final complete state, respectively. Here,

Kt and Vt have different features according to different CO problems. For example, in

CVRP, a team member state kj
t = (yjt , c

j
t , e

j
t , C

j, F j) ∈ Kt consists of the coordinates

yjt , the remaining capacity cjt , cumulative travel time ejt , along with its nominal capacity

Cj and speed F j of the member j. The node state vit = (xi
t, q

i
t) ∈ Vt contains the

coordinates xi
t and the demand qit of the unserved node i. As for TOP, the member

state is represented as kj
t = (yjt , o

j
t , F

j), where yjt is the coordinates, ojt is the remaining

time budget of a member since there is an upper time limit T j
max in TOP, and F j is

the member speed. The node state is characterized as vit = (xi
t, z

i
t), where x

i
t is the node

coordinates, and zit is the prize provided for visiting this node. In PDP, the member state

kj
t = (yjt , e

j
t , L

j, F j) contains its coordinates yjt , cumulative travel time ejt , maximum

flight time Lj of a single trip, and the member speed F j. The node state is characterized

as vit = (xi
t, g

i
t), where xj

t is the node coordinate, git is the flag denoting the type of this

node, i.e., pickup, delivery, or the depot node.

• Action: In routing problems involving only a single member, action typically consists

of selecting a node from un-visited nodes. Some existing methods make decisions based

on a predetermined order of team members, and the chosen node is for the member

currently making the decision. Relatively, in ad hoc team settings, there is no predefined

sequence of decisions for team members. For a single team member, its action is to

select an available node, while in the view of the entire team, the current action includes

choosing a team member and the node it intends to visit, i.e., at = (kj
t , v

i
t) ∈ A.

• Reward: Denote the solution of a problem instance I as Γ = (τ 1, τ 2, . . . , τM) which

contains the tours of all team members, the element of a member’s tour τ k is a sequence

of nodes visited by it. For the CVRP whose goal is to minimize the maximum arrival

time among all team members, the reward in MDP is the negative value of that, i.e.,

13



R(Γ; I) = −maxk∈M{τ k}time = −maxk∈M,i∈τk\{0}{aki }, where aki refers to the time

when the member k arrives at demand node i, index 0 is the depot. In terms of TOP,

the objective is to maximize the total prize collected, so the reward is represented as the

sum of prizes, i.e., R(Γ; I) =
∑

k∈M{τ k}prize =
∑

k∈M
∑

i∈τk zi. For the PDP, we want

to minimize the average response time for all delivery nodes. Therefore, the reward is

represented as R(Γ; I) = − 1
n

∑
k∈M{τ k}time = − 1

n

∑
k∈M

∑
i∈τk∩D aki , where D stands

for the set of delivery nodes.

Given the MDP model, the solution Γ is generated based on the policy πθ with the

trainable parameter θ which is optimized by the following equation:

θ∗ = argmax
θ

[
EI∼ρ(I)[EΓ∼πθ

[R(Γ; I)]
]
, (36)

where ρ(I) is the problem distribution.
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5 Comparison methods

We have analyzed the relevant work in the field and added more benchmark methods.

Our baselines consist of two main categories: the DRL-based method and heuristic-based

approaches. To the best of our knowledge, we are the first to generalize the routing

problems to stochastic teams in the field of RL. Therefore, we have adapted mainstream

methods designed for heterogeneous fleets [1], created the comparison method HM-DRL,

and compared our approach with it. More details of our modifications will be provided

below. Besides, we have chosen six popular heuristic-based approaches as benchmarks.

Compared to DRL-based methods, these approaches offer greater flexibility in adapting to

various team configurations, but generally entail longer search durations to achieve near-

optimal solutions within the solution space. Moreover, the performance of heuristic-based

methods is often sensitive to hyperparameter settings, which can affect the effectiveness

of their search strategies across different team configurations.

5.1 Modified DRL-based method

Consistent with approaches for addressing heterogeneous CVRP [1], this method centers

on hierarchical decision-making, whereby members are selected first, followed by their

corresponding node selection. The node selection mechanism resembles that used in homo-

geneous CVRP solutions [2, 3]. Specifically, a query is constructed from the current state of

the selected member and the location of its current position. Subsequently, node selection

probabilities are derived by querying candidate nodes. In the member selection process,

the linear layer was replaced with a self-attention mechanism, which allows the decision

model to adapt to varying team configurations rather than being limited to fixed ones.

The input to the member selection module comprises the current states and positions of all

members. When learning the model, the joint probability of this decision-making process

includes two parts: the member selection probability and the node selection probability,

and the joint probability is the product of them. Furthermore, to ensure the adaptability

of training baselines across various team configurations, we retain POMO as the training

framework [4].

5.2 Heuristic-based method

5.2.1 Adaptive Large Neighborhood Search (ALNS)

ALNS is a metaheuristic that explores a wide solution space through an iterative destroy-

and-repair methodology [5, 6]. The algorithm partially deconstructs a current solution
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using various ”destroy” operators (e.g., random or worst removal) and subsequently recon-

structs it using ”repair” operators (e.g., greedy or regret insertion). A key feature of ALNS

is its adaptive weight adjustment mechanism, which dynamically updates the selection

probabilities of operators based on their historical success in improving solutions. Solution

acceptance is often governed by a Simulated Annealing-like criterion, which allows for the

probabilistic acceptance of inferior solutions to escape local optima. This framework was

applied to solve both CVRP and PDP.

5.2.2 Simulated Annealing (SA)

SA is a probabilistic optimization technique inspired by the annealing process in met-

allurgy [7, 8]. It navigates the solution space by iteratively considering neighbor states

and accepting them based on a temperature-dependent probability. While superior solu-

tions are always accepted, inferior solutions may also be accepted with a probability

that decreases as a ”temperature” parameter is gradually lowered according to a cooling

schedule. This mechanism allows the search to initially explore broadly and later con-

verge towards a local or global optimum, effectively avoiding getting trapped in poor local

optima. Neighborhood moves can be generated by operators such as swaps, relocations,

or 2-opt reversals. This algorithm was utilized in solving CVRP and PDP.

5.2.3 Tabu Search (TS)

TS is a metaheuristic that guides a search process to explore the solution space by employ-

ing memory structures [9, 10]. Its core component is a ”tabu list,” a short-term memory

that records recently visited solutions or moves and temporarily forbids them to prevent

cycling and encourage exploration of new areas. The algorithm iteratively examines neigh-

bors of the current solution, selecting the best admissible move (i.e., not on the tabu list).

An ”aspiration criterion” allows the tabu status of a move to be overridden if the move

leads to a solution that is superior to the best-so-far solution. To avoid search stagnation,

TS often incorporates diversification strategies, such as perturbations, and can feature

adaptive tabu tenures. TS was implemented to address CVRP and PDP.

5.2.4 Genetic Algorithm (GA)

GA is an evolutionary algorithm that mimics the process of natural selection to find

optimal or near-optimal solutions [11, 12]. The algorithm operates on a population of

candidate solutions (chromosomes), which are encoded to represent a potential solution

to the problem. For instance, a string representing the target sequence can be combined
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with another representing route divisions. Through iterative application of genetic oper-

ators such as selection (e.g., roulette wheel), crossover, and mutation, the population

evolves over generations. A fitness function evaluates the quality of each solution, and

fitter individuals have a higher probability of being selected to produce offspring for the

next generation. This approach was applied to solve TOP.

5.2.5 Ant Colony Optimization (ACO)

ACO is a probabilistic metaheuristic inspired by the foraging behavior of ants [13, 14]. The

algorithm utilizes a population of artificial ants to construct solutions to combinatorial

optimization problems collaboratively. Ants build solutions incrementally, making prob-

abilistic decisions at each step based on heuristic information and artificial pheromone

trails. Pheromone levels, which represent the accumulated experience of the ant colony,

are updated iteratively; paths leading to high-quality solutions receive more pheromone,

making them more attractive to subsequent ants. This positive feedback mechanism guides

the search towards promising regions of the solution space. ACO was one of the intelligent

algorithms used to solve TOP.

5.2.6 Particle Swarm Optimization (PSO)

PSO is a population-based stochastic optimization technique modeled on the social behav-

ior of bird flocking or fish schooling [15, 16]. The algorithm maintains a swarm of particles,

where each particle represents a candidate solution and possesses a position and velocity

within the multi-dimensional solution space. Particles ”fly” through this space and adjust

their trajectories based on two main factors: their own best-known position (personal

best) and the best-known position found by any particle in the entire swarm (global best).

This collective movement, guided by shared information, allows the swarm to converge

towards optimal solutions. This heuristic was implemented to address TOP.

5.2.7 Performance of heuristic-based methods under various time points

In the test and execution process, we display the performance of heuristic-based methods

with a 30-minute time limitation. In this part, we prefer to explore the effect of time

limitations on heuristic-based methods. For the test under regular resource deployment,

we record the best results of heuristic-based methods under various time points: 1 minute,

3 minutes, 10 minutes, and 30 minutes. The Fig. 1 indicates that sufficient iteration

time will improve the performance of heuristic-based methods. However, in time-sensitive
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scenarios, these methods may not be able to find near-optimal solutions within a limited

timeframe, thereby limiting their effectiveness.
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6 Scenario and experimental setting

In this section, we offer a comprehensive overview of the scenario and experimental setting.

The scenario settings introduction encompasses the parameter ranges for team config-

uration and the main characteristics of the demand scenarios. The experimental setup

primarily outlines the key hyperparameters employed during training and the setting for

implementing instance augmentation technique.

6.1 Ad hoc team configuration settings

During the training process, we first determine the range of parameters for the team

configuration, then construct distributions and sample from them to obtain specific data.

The simulated distribution of team configurations for the training process is presented in

Table 4. We use a uniform distribution to simulate the distribution of team configurations

during the training process, with the number of members specified as integers.

6.2 Demand scenarios settings

To ensure that the route scheduling aligns with the actual needs of real-world scenarios,

we establish the scope of demand quantities and the additional time needed to perform

tasks, excluding travel time, based on experience and expert opinions. The settings are

displayed in Table 5. Similarly, we use uniform distributions to simulate the demand

quantities. In the VRP, the relief unloading time is set to 10 minutes, and the loading

time after trucks return to the depot is also set to 10 minutes. In the TOP, the UAV data

collection time at each point is 15 minutes. In the PDP, the pick time and delivery time

for UAV are both 5 minutes, and the battery change time for UAV costs 10 minutes.

6.3 Hyperparameters for policy networks and experiments

Tables 6 and 7 display hyperparameter settings for our proposed policy networks and

experiments. In addition, to facilitate better convergence of the policy, we dynamically

adjust the learning rate. Specifically, the learning rate is decayed by γlr once the number

of epochs reaches one of the milestones. To ensure fairness in comparison, the experiments

and policy network hyperparameters of the RL methods used for comparison are kept

consistent with those of our proposed RL method.
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6.4 Settings of instance augmentation

Instance augmentation is a data augmentation technique used to increase the diversity

and quantity of training data, with the goal of improving model generalization and robust-

ness. It has been widely used in various applications, including image classification, object

detection, and speech recognition. Here, we utilize this technique to generate more equiva-

lent instances during the decoding stage, thereby stimulating the learned policy to obtain

more diverse solutions, which is expected to yield better results. Common methods to

generate new instances includes rotation, scaling, and flipping. We have chosen the flip-

ping method here, which is consistent with [4]. Specifically, we finish the ×8 instance

augmentation through the coordinate transformation operations: (x, y), (y, x), (1− x, y),

(1− y, x), (x, 1− y), (y, 1− x), (1− x, 1− y), and (1− y, 1− x).

20



7 Out-of-distribution test for ad hoc team

In the main text, we consider extreme scenarios in situations where transportation

resources may be either abundant or scarce, and we simulate this by imposing restric-

tions on the number of team members. In addition to the potential impact of the various

numbers of members on the effectiveness of the policy network, shifts in the distribution

of team configurations may also pose challenges. Therefore, to discuss the performance

of our proposed method under different distributions of team configurations, we further

conduct out-of-distribution testing. The test distributions of team configurations are pre-

sented in Table 8. Compared to the uniform distributions in Table 4, we reconstruct the

test data using normal distributions. Additionally, to avoid obtaining inappropriate con-

figuration information from sampling the normal distribution, we apply range truncation

to the sampled data. For the new distributions, we generate 1,000 examples per scenario

and evaluate the performance of various methods on these instances. The results are dis-

played in Fig. 7. The tests prove that our method retains good generalization capabilities

when applied to teams with out-of-distribution configurations, while preserving its per-

formance advantage. Moreover, this experiment demonstrates that the effectiveness of our

trained policy is not overly sensitive to the training data settings. This attribute under-

scores the suitability of our method for real-world applications, where precise knowledge

of team configuration distributions before tasks happens is often unavailable.
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