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Abstract— This study seeks towards a better understanding
of multi-vehicle routing problems (VRPs) under restricted
observability. Unlike most prior research that assumes full
knowledge of tasks and vehicles, this paper addresses VRPs
where each vehicle’s observation is confined to the k-nearest
neighbourhood. Vehicles make decisions based on localized
policies in a decentralized manner. We theoretically demon-
strate that for the imitation policy, the upper bound of the
optimality gap diminishes as the neighbourhood range expands.
Subsequently, we employed a multi-agent cross-observability
policy optimization (MACOPO) algorithm to solve the VRPs
with restricted observability. The algorithm optimizes a cross-
entropy term by leveraging a fully observable expert to guide
the training. Empirical results supported both the theoretical
findings and the effectiveness of the multi-agent learning
algorithm.

I. INTRODUCTION

Over the last several years, significant efforts have been
devoted to adapting the reinforcement learning (RL) method-
ology to NP-hard combinatorial optimization challenges [1]
[2], such as the travel salesman problems (TSPs) or more
general VRPs. Addressing these issues produces practical
benefits across many industries, such as logistics, finance,
and energy. In contrast to conventional solvers [3] [4], RL
offers the capability to prescribe actions on evolving observa-
tions, adapting to the dynamic and stochastic environment.
For instance, a sequential decision process is proposed in
[5] where routes are constructed via appending the next visit
node for each vehicle. To optimize the global rewards, vehi-
cles communicate with each other and continuously update
the states of all systems entries. Complete observability is as-
sumed in most existing studies for VRPs, where vehicles can
access the global state at any time of decision-making, such
as in [5] and [6]. Nevertheless, transmitting large amounts of
information is undesirable, especially for scaled-up scenarios
or communication with limited bandwidth. It thus claims the
demand for planning routes only upon localized observations
to accommodate practical constraints on communication and
also to facilitate scalability.

Several research studies have shed light on using multi-
agent RL to solve VRPs with restricted observing ranges. In
recent work [7], a substantiation of VRPs on advanced air
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mobility was modelled as a partially observable stochastic
game (POSG), where communication limitations are consid-
ered as an observation uncertainty in the mobility network.
It indicates that if the policy network is well designed,
fleet rewards are positively correlated with the percentage
of observed depots. Similarly, Junyoung et al [8] employed
RL to solve the min-max TSP problem via a type-aware
graph attention (TGA)-based neural network. The proposed
policy was validated on a practical mTSP variant, where
agents act based on local observations due to communication
constraints. The paper shows that as the number of observ-
able agents decreases, the timespan increases due to reduced
communication, which hinders coordination. To conclude,
while the impact of observation range on performance has
been acknowledged, little research has been conducted to
explore how this range affects suboptimal outcomes.

Besides VRPs, the partial observability (PO) challenge
extends to many other real-world robotics problems, moti-
vating researchers to explore various strategies for decision-
making in PO environments. Techniques like recurrent neural
networks [9], belief-state MDPs [10], and gradient estimators
[11] are proposed to tackle this issue. A practical approach
often preferred involves using a fully observable (FO) expert
to offer guidance whenever possible, as highlighted in [12]
[13]. Furthermore, the concept of cross-observability learn-
ing, introduced in [14], which leverages an offline FO policy
outcome when calculating descent gradients, has shown
superior performance compared to the original reinforcement
learning algorithm.

Delving into the reasoning behind the impact of observable
ranges on VRPs can help practitioners determine the optimal
communication range, striking a balance between scalability
and the quality of routes. In this study, we particularly
look into the following three research questions within the
framework of the PO-VRP problem: (1) How does the
observation range affect the performance? (2) Is there any
boundary for the sub-optimality of a PO policy? (3) Can we
take advantage of an off-line FO policy to improve the PO
performance?

To answer these questions, this paper constructs a k-
restricted VRP to model restricted observability, where
k = (k1, k2) describe the limited communication between
vehicle-vehicle and vehicle-task. The restricted VRP is then
addressed using a MACOPO method where an FO expert
is used to guide the policy training in PO settings. The
impact of k values on the performance of PO policies is
then theoretically analyzed and empirically investigated.
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II. RELATED WORK

A. MARL for Solving Routing Problems
In recent years, great potential has been found to employ

deep RL to resolve routing problems. To use deep RL,
the route is constructed by appending next visit nodes,
formulated as a sequential Markov decision-making process.
Graph-based policy networks and sequence-to-sequence net-
works are found in the literature to map the state space
to action probabilities. The Pointer Network is the first
seminar work to cope with the routing problem via learning,
which solves TSP via recurrent neural networks [15] [2].
Furthermore, the work in [16] generalizes the application
of PtrNet to a wider range of CO such as CVRP, where
element embeddings could be dynamic. After that, more
effective DL architectures are proposed to represent problem
statements by combining the transformer-based attention
model [17], [5] or graph embedded structure [18], [19],
showing outperforming results in comparison with heuristic
methods. A stage has arrived where deep neural networks
can extract useful information from customer configurations
and obtain high-quality policies for typical routing problems
through reinforcement learning [20].

B. VRPs with Restricted Observability
Despite of the fact that solving VRPs under restricted

observation has practical implications, it has received little
attention in research. Fernando et al [7] considered the
practical case in air mobility where the observation range
is restricted by specifying the number of nearest nodes, and
adopted centralized training decentralized execution (CTDE)
multi-agent RL approach to address the non-stationarity.
Beyond restricted observation, the inherent uncertainty and
the occurrence of dynamic events can also cause partial
observability in VRPs [21] [22]. To address dynamic and
stochastic VRPs, Bono et al. [5] developed an online repre-
sentation of problem states enabling real-time planning via
RL based on the latest observation of vehicles. Pan et al. [23]
took a step further, and formulated the PO Markov decision
process for VRPs subject to uncertainties regarding customer
locations and demands.

A similar problem arises in the field of multi-robot path
planning where individual observation is restricted by the
local field of view. To resolve conflicted decisions caused
by partial observation, a key-query-like attention mechanism
is proposed in [24] to map the inter-robot communication.
Likewise, a communication-based MA-G-PPO algorithm is
designed in [25] for visibility-based persistent monitoring,
where a graph attention layer integrates local features from
neighbours. Different observation types are also investigated
regarding local maps, mini-global maps, and both. Never-
theless, both studies consider neighbours including all other
agents. A large amount of communication is still desired to
obtain information from others. Therefore, queries remain
regarding the necessity of acquiring all states for decision-
making in VRPs, the feasibility of disregarding certain states
to enhance efficiency without compromising performance,
and the method for identifying which states can be omitted.

III. PROBLEM FORMULATION

A. Decentralized MDPs of VRP-TWs

In a VRP with time windows (VRP-TW), a fleet of
heterogeneous vehicles v ∈ V is sent from a central depot d
to serve a list of customers c ∈ C. For the VRP-TW, opti-
mising the vehicle flow indicates routing the vehicles along
all the customers while maximizing the collected rewards
and minimizing the penalties for missing time windows.
For its dec-MDPs, each agent i ∈ I corresponds to one
vehicle. Individual state si for each vehicle (position, and
next destination), and joint mission state sm including the
features and status of each client (reward, time window, and
pending or assigned) constitute the global state st ∈ S.

A vehicle v will make an action ait ∈ Ai when
1avail(v

t) = 1, choosing the next client to visit from
the pending list or returning to the depot. Upon the
assignment, the vehicle v switches to unavailable status
1avail(v

t+∆t) = 0. It then travels to the destination and
serves the client, at which point the availability switches back
to 1avail(v

t+τ+∆t) = 1. τ = τ1 + τ2 denotes the sum of the
travel time it takes to the client c and the serving time at c.

Upon completing the travel t + τ , the vehicle collects a
payoff from the customer r(c). Some requests may want
to be served during specific time windows. In this case,
when the arrival time of the vehicle goes beyond the client’s
designated service window (specifically, when t + τ1 > tdc ,
where tdc is the latest time window), no reward is earned.
Instead, a constant penalty is applied. If a task is not visited
by any vehicle within its time window, a pending penalty is
also imposed. The serving process is considered stochastic,
meaning the element defining the problem, such as the travel
speed or the serving time, does not have to be constant and
can be described as a random variable. Also as in the real
world, not all clients are known in advance. New requests
are constantly appearing, and the vehicles need to make
decisions based on demand.

B. Partial Observability

Each vehicle in the system communicates with its neigh-
bouring agents and clients to acquire its local observation,
such that O : S → Oi maps the joint state of the system to
the local observation of agent i. Different observation ranges
can be applied to clients and other vehicles due to their dis-
tinct update frequencies, that is, the locations of the vehicles
are continuously changing while clients are relatively static.
Thus, we define a time-varying neighbourhood for a vehicle
v, N t

v containing its observable vehicle Vt
v and the clients

Ct
v at the time step t, such that N t

v ∈ V ∪ C, such that the
vehicle observation is ov = sN

t
v . Specifically, a k-nearest

neighbour graph is used to model partially observable VRP
environments. k = (k1, k2), where k1 is how many nearest
neighbours are included in agent-agent graphs and k2 is how
many nearest neighbours are included in task-agent graphs.
Fig. 1 gives a toy demonstration of how observation shifts
when k1 = 1, k2 = 2.
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Fig. 1: A toy example of PO-VRP. It is adapted from [5], but
added with the PO feature. The observation range of both
vehicles towards customers is restricted to 2. Observation
updates whenever customers are finished or assigned. Dashed
customers are not observed by any of the vehicles. Gray
edges indicate the valid travel.

C. Sparse Timescale

A sparse timescale is specifically customized for VRP-
TWs, accounting for 1) the curse of dimensionality and
2) asynchronous actions. The multiple autonomous vehicle
system in VRPs has a sparse timescale nature. After one
vehicle commits to a high-level decision (i.e., choosing the
next client in the context), its intermediary actions have
little impact on system state transitions and thus can be
tailored to reduce the problem dimensionality. As vehicles
do not complete their journeys simultaneously most of the
time, these macro actions happen asynchronously, especially
when agents act in a decentralized manner. Considering these
properties, decision-making for the multiple-vehicle system
calls for a sparse/macro action modelling while being capable
of handling the asynchronicity.

We adopt the technique of discrete-event simulation (DES)
to achieve the evolvement of the autonomous multi-vehicle
system. In DES, time directly advances to the occurrence of
discrete events as opposed to continuous or fixed-timestep
models. The autonomous vehicle system involves discrete
events such as the assignment of clients and the arrival
of new requests. Specifically, consider an identity function
that indicates a vehicle v’s availability at time t such
that 1avail(v

t) = 1 when v is free from any client, or
1avail(v

t) = 0 when it is committed to a client and un-
available. Every change in the vehicle’s availability function
constitutes an event in the system. Additionally, changes
on the client list because of the arrival of new tasks, i.e.,
Ct+∆t = Ct ∪ c′, will also trigger an event. Throughout the
DES, the vehicle’s action selection and observations only
happen in timesteps associated with events, leaving the local
trajectory and control to take place intermediary.

IV. METHOD

In this session, we start by theoretically analysing the
rationale behind the performance of PO policies. Following
that, we present a MACOPO-based multi-agent reinforce-

ment learning algorithm to solve the VRPs with restricted
observability.

A. Theoretical Analysis for PO-VRPs

According to partial observability defined in Session III-B,
the information used in generating policies is restricted to the
local observation oi = sN

k
i . Recall that N k

i denotes the set
of k-nearest neighborhood of vehicle i, and define sN

k
−i =

si/s
Nk

i as the state beyond the observability. It means the
value of πi(s) depends on s only through oi, i.e., πi(s) =
πi(s

′) implies oi = o′i. For simpler notation, this restricted
process is described by a filtration function: fN : S → O,
and the space of feasible policies is limited to those N -
restricted policies, for which we write as πN

i (o) to mean
πi(s) if fN (s) = o.

The first part of the analysis focuses on the impact of the
policy observation range k on value function V π(s). Inspired
by the abstract MDPs proposed in [26], we expand the near-
optimal behaviour of the value function to the policy aggre-
gation. In [26], approximation abstract in MDPs is performed
by aggregating the states within a certain proximity, which
exhibits a polynomially near-optimal performance. Similarly,
the key idea here is that by defining the upper bound of the
policy function gap, the sub-optimal value function gap is
also preserved. The result is formally given by Theorem 1.
Theorem 1 Suppose the reward is upper bounded as 0 ≤
r(s, a) ≤ r̄,∀s, a, and the total variation distance between
the FO policy µ and the PO policy π is dTV (µ, π) =
sups |µ(s)− π(s)|. Then, for all s ∈ S,

V µ(s)− V π(s) ≤ r̄dTV (µ, π)

(1− γ)2
(1)

Proof of Theorem 1 Given a multi-agent MDP with a set
of non-stationary policy π(s, a), its state-value function is
V π(s) =

∑
a∈A π(s, a)Qπ(s, a). Thus, value function under

a policy π(a | oi) with the partial observation oi is:

V π(s) =
∑

ai∈Ai

π(ai | oi = fN
i (s))Qπ(s, ai) (2)

where fN
i (s) denote the observation function of agent i

regarding its neighorbood N . If fully observed, the value
function is:

V µ(s) =
∑

ai∈Ai

µ(ai | s)Qµ(s, ai) (3)

where µ(ai | s) presents the policy of full observability.
Now consider a policy πt of following the PO policy π

for t steps and then following the optimal ground policy µ:

πt(s) =

{
µ(s) if t = 0

π(s) if t > 0
(4)

For t > 0, the value of this policy for s ∈ S is

V πt(s) = Ea∼πt(s)

[
r(s, a) + γ

∑
s′∈S

T (s, a, s′)V πt−1(s′)
]
(5)

For t = 0, V πt(s) = V µ(s).
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We now proceed by induction on t to show that

∀T,s∈SV
µ(s)− V πt(s) ≤

t∑
i=0

γi r̄dTV (µ, π)

1− γ
(6)

1) Base case t = 0: By definition, when t = 0, V πt(s) =
V µ(s), the bound trivially holds.

2) Inductive case t > 0: Consider a fixed but arbitrary
state s ∈ S, we assume by our inductive hypothesis that

V µ(s)− V πt−1(s) ≤
t−1∑
i=0

γi r̄dTV (µ, π)

1− γ
(7)

Applying the equation (5) yields

V πt(s) ≥Ea∼πt(s)

[
r(s, a)+

γ
∑
s′∈S

T (s, a, s′)
(
V µ(s′)−

t−1∑
i=0

γi r̄dTV (µ, π)

1− γ

)]
Since the r̄ and dTV (µ, π) are constant values, we have

V πt(s) ≥− γ

t−1∑
i=0

γi r̄dTV (µ, π)

1− γ
+

Ea∼πt(s)

[
r(s, a) + γ

∑
s′∈S

T (s, a, s′)V µ(s′)
]

Recall the definition of total variance distance dTV (µ, π),

V πt(s) ≥− γ

t−1∑
i=0

γi r̄dTV (µ, π)

1− γ
+ V µ(s)

− dTV (µ, π)
[
r(s, a) + γ

∑
s′∈S

T (s, a, s′)V µ(s′)
]

According to the definition of value function, we have its
upper bound V µ(s′) ≤

∑∞
i=0 γ

ir̄ = r̄
1−γ . Therefore,

V µ(s)− V πt(s) ≤ γ

t−1∑
i=0

γi r̄dTV (µ, π)

1− γ
+

r̄dTV (µ, π)

1− γ

=

t∑
i=0

γi r̄dTV (µ, π)

1− γ

Since s was arbitrary, we conclude that the bound holds
for all states in S for the inductive case. Further, as t → ∞,∑t

i=0 γ
t → 1

1−γ by the sum of infinite geometric series and
πt → π, Theorem 1 is yielded. ■.

It may not be clear that how to get the upper bound of
the total variance distance between FO and PO policies. To
demonstrate it, We further define the ρ-decay property of the
policy.
Definition 1 For a function ρ : N → R+ that satisfies
limk→∞ ρ(k) = 0, the ρ-decay property of policy holds if,
for any stationary policy π, for any sNk

i
∈ SNk

i
, sNk

−i
∈

SNk
−i
, ai ∈ Ai, if the policy probability satisfies,

|π(sNk
i
, sNk

−i
, ai)− π(sNk

i
, s′Nk

−i
, ai)| ≤ ρ(k) (8)

Assuming a cross-observability case where we have access
to a fully observable policy µ(s) and use it to guide the

training of policy πi(oi) which can only access the restricted
state oi. FO policy has access to the global state and might be
optimal among all policies. To leverage the full observability,
PO policy can be trained by minimizing the expected cross
entropy E[H(µ∥π)] between µ and π over the state space.
we denote the policy minimizing the cross entropy as the
imitate policy πim. Intuitively, when some of the state is not
available in restricted observation, the PO policy tempts to
imitate the FO policy by marginalizing unobservable infor-
mation. This intuition is formally formulated as Lemma1.
Lemma 1 (Policy Averaging [12]) For any s ∈ S with o =
f(s), we have the imitate policy equal to the expectation of
FO policy over the state distribution:

πim(o) = E[µ(s) | f(s) = o] (9)

With Lemma 1, the policies exhibiting ρ-decay property
hold the upper bound of ρ(k) as the total variance distance
between FO and imitated PO policies: dTV (µ, π

Nk

im ) ≤ ρ(k).
In that case, the upper bound of the suboptimality gap defined
in Theorem 1 is determined by the decay function ρ(k). More
specifically, within the scope of VRPs,

dTV (µ, π
Nk

im ) = sup
s

∣∣∣µ(s)− πNk

im (s)
∣∣∣

= sup
s

∣∣∣∣∣µ(s)− ∑
s′∈S

µ(s′)Pr(s′ | o = fNk

(s)

∣∣∣∣∣
≤ sup

s
|1− Pr(s | o)|

If all customers are uniformly and independently distributed,
the conditional distribution is upon the size of unobserved
area: Pr(s | o) = ( 1

πm2−πk2
2
)m−k2 , where m = |C| is

the number of all customers, k2 is the number of observed
nearest customers. It is easy to find out that the upper bound
of dTV quickly drops as k increases. It shows we may
achieve a good near-optimal performance using a scalable
PO policy that only depends on k neighbours.

It is noted that the imitate policy πim is typically not the
optimal PO policy. Imitating the FO policy projects the FO
behaviours to PO behaviours, which is known to be sub-
optimal as the information that the FO policy uses is not
available for the PO policy. Further, FO behaviours can be
sub-optimal for PO decision-making, e.g., PO agents might
need to engage in information gathering beforehand. As a
result, an optimality gap exists between the imitate policy
πim and the optimal PO policy π∗.

To formalize the gap between the optimal PO policy and
the FO policy, we give Theorem 2.
Theorem 2 The optimal value function under partial observ-
ability N is suboptimally bounded by

c(π∗
d) ≤ V µ(s0)− V ∗(s0) ≤ c(µ) (10)

where µ is the optimal FO policy, V ∗(s0) is the optimal
value under PO. π∗

d is the optimal dual policy for the perfect
information relaxation problem. c is the ideal penalty of
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information relaxation, taking the form of

c(π) =

T∑
t=0

Ea∼π

{
E
[
V ∗(st+1) | fN (st)

]
− V ∗(st+1)

}
(11)

for both µ and π∗
d , where fN (st) is the filtration of N -

restricted process.
Proof of Theorem 2 To prove Theorem 2, we use the tech-
nique of information relaxation proposed by [27]. Briefly,
information relaxation constructs upper dual bounds for
dynamic programming by 1) relaxing the non-anticipativity
constraint and 2) including a penalty that punishes the
violation of these constraints.

Taking the perfect information relaxation (i.e, FO in our
case), we get the upper bound for the PO policy:

V ∗ ≤ max
π

E

[
T∑

t=0

rt(st, πt)− ct

]
(12)

The right-hand side is the dual optimization problem, where
ct is the dual penalties, to punish the actions for using the
information that would not be known in the primary filtration
fN (st). Specifically for each t, we adopt the ideal penalty

ct := E
[
V ∗
t+1(st+1) | fN (st)

]
− V ∗

t+1(st+1) (13)

for which the equality of (12) will hold. Proofs refer to [27].
Now let us assume the π∗

d is the optimal policy for the dual
problem (12), we then have

r(π∗
d)− c(π∗

d) =

T∑
t=0

rt(π
∗
d)− ct(π

∗
d) = V ∗ (14)

Obviously, r(µ) ≥ r(π∗
d) for the optimal FO policy µ. Thus,

we get the lower bound for the gap between PO value and
FO value:

V µ − V ∗ ≥ c(π∗
d) (15)

For upper bound, we know r(µ)− c(µ) ≤ r(π∗
d)− c(π∗

d)
due to the maximization operation, we then get:

V µ − V ∗ ≤ c(µ) (16)

■
The above suboptimal bounds formalize the gap range

between the restricted policy and the FO policy. Intuitively,
the ideal penalty ct represents the difference between the
real next-step value Vt+1 with the marginalized value on
the restricted filtration fN (st), to eliminate the benefit of
relaxed information. Similar to the concept of Policy aver-
aging, E

[
Vt+1(st+1) | fN (st)

]
is the value averaged over

the unobserved states. The upper bound c(µ) and the lower
bound c(π∗

d) accumulate the differences following the policy
µ and the policy π∗

d respectively. Unfortunately, the optimal
PO value function V ∗ is generally not known in applications,
approximate approaches are often employed to obtain the
boundaries [28].

B. Cross-Observability Learning Method

A two-stage MARL algorithm is employed to obtain the
policy towards a better performance of partial observations.
For the first step, we employ centralized training to obtain
the FO state experts µi(a, s), during which we assume all
agents can access the global information. Then, MACOPO
is employed to obtain a PO policy πθi(ai, oi) parameterized
by θi.

We focus on the details of the second stage of implemen-
tation. MACOPO extends the single-agent actor and critic
policy gradient method. It follows a CTDE structure where
a centralized value function V (s) is shared. For the objective
function, instead of using the expected reward as in multi-
agent policy gradient (MAPG), MACOPO adds a cross-
entropy term H(µi∥πi) that describes the similarity between
PO policy and FO expert. Combining these terms, we obtain
the following objective, which is (approximately) maximized
each iteration:

Ĵ(θi) = Ê[Ri − β1H(µi∥πθi)] (17)

The gradient estimator regarding the above objective func-
tion Ĵ(θi) for agent i is:

∇θi Ĵ(θi) = Ês,ai∼πi

[
∇θi log πθi(ai, oi)Â(s, a)

+β1µi(s, a)∇θi log πθi(ai, oi)
]

where Â is an estimator of the advantage function that is used
to reduce variances by using a learned state-value function
V̂θv (st) parameterized by θv , which is:

Â(st, at) = R(st, at)− V̂θv (st) (18)

The Â and V̂θv are estimated assuming access to an en-
semble of local information, including the joint action of
all agents a = (a1, · · · , aN ) and the state s consisting
of the observations from all the agent s = (o1, · · · , oN ).
R(st, at) =

∑∞
t=0 [r(st, at | πθ)] is the accumulated reward

obtained from the environment according to the joint policy
πθ.

When sharing parameters between the policy and value
function, the loss function is defined by combining the policy
gradient and a central value function error term:

L(θ, θv) = Ê
∑
i

− log πθi(ai, oi)
[
Â(s, a) + β1µi(s, a)

]
+β2

[
R(s, a)− V̂θv (s)

]2
Moreover, instead of using a fixed coefficient for the

entropy term β1, we set up a learning process for β1, as
suggested in [14]. We formulate a minimization objective
for β1:

Jβ1(β1) = β1H̄ − β1Ê [H(µi∥πθi)] (19)

which dynamically adjusts β1 to preserve a target expected
entropy H̄. Similar to the target entropy in soft actor-critic,
H̄ implies the expected divergence between π and µ, while
the choice of H̄ likely varying by domain.

5555



V. EMPIRICAL SIMULATIONS

The proposed MACOPO is validated for solving VRP-
TWs. The VRP-TW environment is constructed with Python.
The policy network and critic network are from [29] and
trained with a PyTorch back-end on a Tesla A100 GPU for
20 hours on Cranfield University HILDA high-performance
computing system.

A. Vechicle routing problem with time windows

Suppose a scenario where there is a list of customer
requests j ∈ T and a fleet of vehicles i ∈ Ag is de-
parted from the depot (x0, y0) serving the customers and
finally returns to the depot after visiting all the tasks. The
corresponding price rj is collected from the customer j if
any of the vehicles arrive at its location (xj , yj) during
the time window [tjr, t

j
d], otherwise a pending cost cpen is

imposed. In this logistic problem, optimizing the vehicle flow
indicates maximizing the rewards collected from customer
requests while minimizing the penalties of missing visiting
time windows. For specific parameters see Appendix A.

B. Training

Two policies πθ1 and πθ2 are trained using two sets
of scenarios respectively. Both involve 10 vehicles and 50
tasks. πθ1 is trained with scenarios under a restricted agent
observation k1 ∼ U [1, 10]. The second policy πθ2 is trained
with scenarios under a restricted task observation k2 ∼
U [10, 50]. k1 and k2 are randomly generated following the
uniform distribution U for a better generalization ability. The
Adam Optimizer is used to train networks with a constant
learning rate αθ = 10−4. The target cross-entropy is set
H̄ = 1 and the learning rate for entropy weight αβ1 = 10−4.
The coefficient for value error is β2 = 1. We run training
for 100 epochs to get the FO state expert and an additional
100 epochs for MACOPO training. In one epoch, we process
1.28 million instances in 2,500 iterations with a batch size
of 512. Each epoch takes up to 13 minutes using the Tesla
A100 GPU.

(a) k1 ∼ U [1, 10], k2=50 (b) k1=10, k2 ∼ U [10, 50]

Fig. 2: Training performance of MAPG and MACOPO with
varying observation ranges.

The training performance of MACOPO with the MAPG
baseline is compared in Fig. 2. MAPG shares the same
settings as MACOPO except for the cross-observability
entropy term. For both trainings, the proposed MACOPO
outperforms MAPG. It implies that by imitating an FO

expert, the PO agents will obtain an improved policy, even
if the anticipated information used by FO experts is not
accessible to PO agents in planning.

Fig. 3: Training curve of the entropy coefficient β1.

Fig. 3 depicts the curve of β1 value throughout the training
process. With the coefficient β1 intially set to 1, the cross-
observability entropy guides the learning at the beginning. As
training progresses, the value of β1 diminishes, approaching
zero after approximately 60 episodes, at which point its
impact on policy learning becomes negligible. Notably, the
cross-observability entropy term appears to exert a positive
learning effect before 50 episodes, when the MACOPO
outperfoms MAPG, as shown in Fig. 2. Furthermore, since
β1 is being adjusted towards a target entropy H̄, the observed
deceleration in the decline of β1 suggests that the entropy
between the FO expert and the PO policy converges towards
the target value, though it consistently remains above the
target.

C. Performance under k1-restricted observability

We evaluate the PO policy πθ1 with the scenarios where
the observability regarding other vehicles is restricted by
k1. Simulation results are depicted in Fig. 4. The two test
scenarios involve one with 50 tasks and another with 100
tasks. In the case of 100 tasks, which exceeds the training
capability, we generalize the policy trained with 50 tasks to
the larger input dimensions. The metric of total rewards is
averaged over 1000 random mission instances.

(a) 50 tasks scenarios (b) 100 tasks scenarios

Fig. 4: Total reward when agent observation k1 varies.

As seen from both plots, the incremental increase of
reward shows a diminishing trend as the observation range
k1 increases. It implies that when the current observation
set is larger, the newly joined observation element has less
impact on the result. Though a few points (the second to
last in Fig. 4a and the first 3 in Fig. 4b) show a reverse
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trend, it can be justified by the suboptimality of the RL
policy. Overall, the differences between results of different
k1 are surprisingly small. According to Theorem 2, the gap
between an optimal PO policy and the optimal FO policy is
lower bounded by the variable c(π∗

d), and upper bounded by
c(µ). Even though the trained policies only approximate the
optimal policies, we can still say that the gap between the
real state value and the averaged state value is very likely to
be quite small, combining the results shown in Fig. 4 and the
definition of the boundary (13). Therefore, we conjecture that
the awareness of other agents’ statuses does not significantly
influence the decision-making results in VRPs.

D. Performance under k2-restricted observability

Similarly, the PO policy πθ2 is evaluated with scenarios
where the observability regarding tasks is restricted by k2.
Simulation results are depicted in Fig. 5. The metric of total
rewards is averaged over 1000 random mission instances.

(a) 50 tasks scenarios (b) 100 tasks scenarios

Fig. 5: Total reward when task observation k2 varies.

Fig. 5 demonstrates the improvement of performance for
both problem sizes when the task observation range becomes
larger. Both policies in evaluation are not exactly the optimal
imitate policy πim, which means Lemma 1 cannot be directly
applied here. However, from the empirical results, it still
shows a clear trend of diminishing gain especially when the
observation range is getting larger, especially for k2.

The diminishing reward increment implies that enlarging
the observation range in VRPs does not necessarily bring
equivalent benefits to the planning results. As seen from
Fig. 5a, observing the nearest 20 tasks achieves 85% of
optimality; observing the nearest 40 tasks leads to the results
of 89% optimality as shown in Fig.5b. It empirically shows
that less than 40% observation range provides solutions of
better than 85% optimality. This property features practical
benefits, especially in scaled-up cases, or with the commu-
nication of limited bandwidth. It indicates that a balance
point exists at which limiting the size of the communication
neighbourhood achieves better scalability without unduly
affecting its optimality.

VI. CONCLUSION

Our focus in this paper is to investigate the VRP under
restricted observability, where each agent is only informed
by k-nearest neighbours. We first constructed a sparse-
timescale Dec-MDP model of PO-VRPs, followed by a

solution using the multi-agent cross-observability RL algo-
rithm. The proposed algorithm shows a superior performance
than the multi-agent policy gradient baseline. Furthermore,
we provided the near-optimal bounds for the PO policy as
a function of its total variance distance from the optimal
policy. On the condition of imitation learning, the Theorem
justifies the intuition that enlarging the observation range
implies a diminishing marginal gain in VRPs. Simulation
results show that even if the policy is not trained with pure
imitation learning, the decaying pattern still exists. Another
observation from simulation results is that the information
of other agents has negligible influence on the results, which
implies that the awareness of other agents’ states may not be
necessary in constructing a route. For further work, we will
explore further deciding the optimal range of observation op-
timizing the multiple objectives of communication cost and
planning performance. Also, a more efficient communication
topology within the bounded neighbourhood is expected to
be explored.

APPENDIX

A. Parameters in VRP-TWs

Mission parameters are shown in Table I and Table II.
U(a, b) denotes a discrete uniform distribution on integer
interval [a, b]; U{x1, · · · , xn} denotes a discrete uniform dis-
tribution on finite set {x1, · · · , xn}; and B(p) is a Bernoulli
distribution of parameter p. Some of the mission settings are
adapted from [5].

TABLE I: Generic parameter settings of VRPs

Parameter notation Value or distribution
Planning horizon (min) H = 480
Expected flight speed (km/min) V = 1
Depot location (km) x0, y0 ∼ U(0, 100)
Customer locations (km) xj , yj ∼ U(0, 100)
Customer price rj = 1
Penalty for failed delivery cpen = 1

Due to the impact of airflows, the time cost on arcades be-
tween delivery sites is shown to be stochastic considering the
wind-sensitive property of drones. We simulate the stochastic
travel times by sampling the drones’ speed from a normal
distribution v ∼ N

(
µV , σ

2
V

)
where µV = 1km/min,

σV = 0.2km/min.

TABLE II: Parameter settings related to time windows.

Parameter notation Value or distribution
Is the customer constrained
by time window?

δjTW = B (pTW )
where pTW ∼ U(0.25, 0.5, 0.75, 1.0)

Customer ready time (min)
tjr ∼ U

(
0, tjmax

)
where tjmax = H − dist(0,j)

V
− τ j

Customer time window
width (min) wj

TW∼ U(30, 90)

Customer service duration
(min) τ j∼ U(10, 30)

Customer due time (min) tjd = tjr + wj
TW
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