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In delay-tolerant networks (DTNs) with uncertain contact plans, the communication episodes and their

reliabilities are known a priori. To maximise the end-to-end delivery probability, a bounded network-wide

number of message copies are allowed. The resulting multi-copy routing optimization problem is naturally

modelled as a Markov decision process with distributed information. In this paper, we provide an in-depth

comparison of three solution approaches: statistical model checking with scheduler sampling, the analytical

RUCoP algorithm based on probabilistic model checking, and an implementation of concurrent Q-learning.

We use an extensive benchmark set comprising random networks, scalable binomial topologies, and realistic

ring-road low Earth orbit satellite networks. We evaluate the obtained message delivery probabilities as well

as the computational effort. Our results show that all three approaches are suitable tools for obtaining reliable

routes in DTN, and expose a trade-off between scalability and solution quality.
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1 INTRODUCTION
Delay-tolerant networks (DTNs) are time-evolving networks lacking continuous and instantaneous

end-to-end connectivity [18, 29]. The DTN domain has attracted the community’s interest since

its introduction in 2003 [14]. Most existing deep space initiatives like NASA’s Lunanet, ESA’s

Moonlight, and IOAG’s Future Mars Communications Architecture make DTN protocols a core

requirement for their networking architecture [38, 39, 55]. Beyond the interest in networking at

deep-space distances [1, 28], the DTN domain currently motivates research in satellite-aerial 6G

integrated networks [73, 74], vehicular networks comprising unmanned aerial vehicles (UAV) [27],

maritime [86], and terrestrial vehicles (a.k.a., VDTN) [52, 63, 78, 80], social networks [82, 84], and

disaster recovery deployments [87]. While some of these contributions involve security [63, 79] and

energy optimization [86], the core research challenge rests on time-evolving multi-hop routing [26,

27, 32, 59, 80, 84, 87]. DTN is notable for its overlay layer approach, adeptly handling data with
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temporal storage, as outlined in RFC 4838 [18] and its latest protocol update in 2022 [77]. The

overlay layer overcomes the delay and disruption in DTNs by means of (i) a persistent storage on

each DTN node and by (ii) assuming no immediate response from neighbouring nodes [68]. As a

result, bundles of data (a data unit in the Bundle Protocol [18, 76])—and status information about

the rest of the network—flow in a store-carry-and-forward fashion as transmission opportunities

become available. Connectivity in DTNs is represented by means of contacts: an episode of time

when a node is able to transfer data to another node.

Where contacts can be accurately predicted, the DTN is scheduled [34]; in probabilistic DTNs, the
contact patterns can be dynamically inferred; no assumptions on future contacts can be made in

opportunistic DTNs [18]. Recent work extended this classification to also consider uncertainDTNs, in
which forthcoming connectivity can be described by probabilistic schedules available a priori [22, 36,
61, 62, 71, 72]. Instead of a guaranteed contact plan, uncertain contact plans include information on

the reliability (i.e. failure probability) of planned links. In other words, the materialization of contacts

can differ from the original plan with a probability that can be computed/estimated in advance.

Uncertain DTNs describe a plethora of practical scenarios: unreliable space networks [36], public

vehicle networks with uncertain mobility patterns [57], interference-sensitive communication links

in cognitive radio [75], or networks based on third-party carriers with limited but well-known

availability [53].

This work summarises and compares routing solutions for uncertain DTNs. The state-of-the-art

techniques are lightweight scheduler sampling (LSS) [22] and routing under uncertain contact plans
(RUCoP) [71]. Both leverage Markov decision processes (MDPs), allow a bounded network-wide

number of message copies to maximise the delivery probability, and properly assume that uncertain

DTN nodes can only act on limited local knowledge. However, they are different in nature: LSS

exploits simulation and statistical model checking techniques [2] whereas RUCoP is based on an

analytical solution that exhaustively explores the MDP akin to probabilistic model checking [4, 5].

Given the success of artificial intelligence/machine learning methods, in particular of reinforcement
learning [81], in complex decision-making problems, we additionally compare LSS and RUCoP

with a new adaptation of Q-learning [83] to the problem of finding routing strategies in uncertain

DTNs. Like LSS, Q-learning (QL) gathers data about the MDP via simulation, but like RUCoP it

stores information about the values of the available choices in each explored state. Q-learning

however may not need to explore all states, thus possibly residing between the two other methods

in terms of memory usage. All three methods are off-line approaches, as a central node is assumed

to pre-compute the routing in advance and then distribute the required information to the DTN

nodes.

We provide an extensive benchmarking framework to evaluate LSS, RUCoP, and QL compris-

ing random networks (random contact assignment), binomial networks (multi-level tree contact

topologies with controllable complexity), and realistic ring-road low-Earth orbit satellite networks.

In these scenarios, we compare the resulting message delivery probability and computational effort

in terms of time and memory consumption. Our results highlight the performance-cost trade-off

between these three routing techniques for uncertain DTN. We also report on our enhancements

to encoding DTNs for use with LSS that significantly improve the cost/performance ratio of the

approach, and our adaptation of QL to the problem of DTN nodes having only local knowledge

(following the concurrent Q-learning approach).

Structure. This paper is organised as follows: Sect. 2 of this paper revises the background of

DTNs, MDP, and modelling the routing problem. We dive into the details of the LSS, RUCoP, and QL

techniques in Sect. 3, including a summary of our improvements to LSS for DTNs and an exposition
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of how we implement concurrent Q-learning to tackle the local-knowledge setting. We present,

apply and analyse the benchmark framework in Sect. 4.

Prior versions. This paper is an extended version of our conference paper presented at QEST

2022 [24]. The conference version compared LSS and RUCoP; we newly implemented Q-learning

as a third method and expanded our experiments to compare all three methods in a consistent way.

We have also expanded Sect. 2, particularly some explanations on DTN, and the description of the

algorithms in Sect. 3 (with the description of Q-learning newly added).

2 BACKGROUND
In this section we describe the concept and context of DTNs, introduce the modelling formalism of

Markov decision processes (MDP), and explain how to encode DTN routing with global and local

information as MDP.

2.1 Delay-Tolerant Networks
The term “DTN” was introduced in the context of interplanetary communication to designate time-

evolving networks lacking continuous and instantaneous end-to-end connectivity [14]. The concepts

and mechanisms devised to deal with the delays and disruptions of interplanetary communications

can readily be applied to other domains characterised by long signal propagation time, frequent

node occlusion, high node mobility, and/or reduced communication range and resources [32] such

as airborne, vehicular, social, IoT, underwater and space networks [6, 7, 16, 33, 43, 51, 67]. DTN

protocols like the Bundle Protocol [21, 76] address the delays and disruptions by implementing

the principles of store-carry-and-forward and minimal end-to-end messaging exchange for control
or feedback [18]. The Bundle protocol is currently standardized by the Internet Engineering Task

Force (IETF) and the Consultative Committee for Space Data Systems (CCSDS), bridging the gap

between space and terrestrial networks. Also, several Bundle Protocol software stacks have been

developed [68]. Interplanetary Overlay Network (ION) [12] and Micro-Planetary Communica-

tion Network (`PCN) [30] are two implementations that are specifically targeted for the space

environment.

The time-evolving and partitioned nature of DTNs favors representing connectivity by contacts:
episodes of timewhere a node can transfer data to another node. During a contact, data is transmitted

by DTN node A (the contact’s sending node) at data rate R such that data will be received by node

B (the contact’s receiving node). The time values can be expressed either in absolute units (e.g.,

Gregorian Coordinated Universal Time, UTCG) or in relative time with respect to a reference

epoch. Contacts can be classified [18] as opportunistic (no assumptions can be made on future

contacts), probabilistic (contact patterns can be inferred from history, e.g. in social networks), and

scheduled (contacts can be accurately predicted and documented in a contact plan). Contacts are, by
definition, unidirectional (unidirectional transmission is not uncommon in space communications).

Bidirectional communication is represented in a contact plan by a pair of unidirectional contacts.

A contact plan comprises the set of forthcoming contacts, and is a central element in scheduled

DTN routing. As shown in Fig. 1, the routing process is typically divided into planning (future

episodes of communication are estimated to form the contact plan), routing (the plan is used

to compute routes, either in a centralised (off-line) or decentralised (on-line) fashion [35]), and

forwarding (effectively enqueuing the data for the correct next-hop node). Contact graph routing

(CGR) [3, 32] is the de-facto standard decentralised routing algorithm when a contact plan is

available. It is the sole routing approach that has been flight-validated in deep-space [85] and near-

Earth networked missions [56]. CGR optimises delivery time by leveraging adaptations of Dijkstra’s
algorithm to the time dynamics of DTNs. CGR has received increasing attention in recent years [32],
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Fig. 1. CGR routing framework in scheduled space DTNs. a) Orbital propagators and communication models
allow the computation of a contact plan, which may be kept at a central control center or distributed to
DTN nodes (option A). b) Routing uses CGR to compute a route table from the contact plan, which may be
distributed to DTN nodes if computed in a central control center (option B). c) DTN nodes consult the route
table to decide upon the proper outbound queue for forwarding outbound data. [32]

including source routing extensions [54], routing loop prevention [10], adaptations for Low-Earth

Orbit (LEO) satellites [17], overbooking management [9], opportunistic enhancements [13], and

route table management strategies [37].

The limitation of the contact plan structure and associated routing algorithms like CGR is that

they assume that connectivity episodes are guaranteed. Instead, an uncertain contact plan comprises

contacts whose materialization can differ from the original plan with a given probability available

a priori [72]. Reasons include well-known failure modes of the DTN nodes, source of interference

that could not be foreseen in advance (especially when operating over unlicensed frequency bands),

or incomplete/inaccurate knowledge of the system status by the time the schedule was computed.

Uncertain contact plans gave rise to a new type of DTNs coined uncertain DTNs [22, 61, 62, 71,
72] that exploit time-dependent probabilistic information of the forthcoming communication

opportunities. Note that previous works, such as opportunistic contact plan extensions sought

in [13], tackled the problem of reacting to a new, unexpected contact, which was not included in

the original contact plan. Instead, an uncertain contact plan is a data structure that comprises the

complete contact forecast but labels each contact with a probability of occurring or failing.

Forwarding in an uncertain DTN is also different than scheduled DTNs. Instead of a single copy

sent via the fastest path like CGR, uncertain DTNs can use the uncertainty information in the contact

plan to optimally route multiple copies of the data to increase its successful delivery probability

(SDP). Multi-copy forwarding is one of the core strategies of probabilistic DTNs. Indeed, uncertain

DTNs are in-between scheduled DTNs (there is a contact plan with topology forecast available a
priori) and probabilistic DTNs (contacts in the contact plan have a probability of occurring, also

known a priori).

2.2 Markov Decision Processes
Markov decision processes (MDPs) provide a mathematical framework capturing the interaction be-

tween non-deterministic and probabilistic choices [31, 69], making them appropriate for modelling

decision making under probabilistically quantified uncertainty.

Definition 2.1. An MDP M is a tuple (𝑆,Act, P, 𝑠0) where 𝑆 is a finite set of states with initial

state 𝑠0 ∈ 𝑆 , Act is a finite set of actions, and P : 𝑆 × Act × 𝑆 → [0, 1] is a transition probability

function such that

∑
𝑠′∈𝑆 P(𝑠, 𝛼, 𝑠′) ∈ {0, 1} for all 𝑠 ∈ 𝑆 and 𝛼 ∈ Act.
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Fig. 3. MDP modelling the plan of Fig. 2 (excerpt).

If

∑
𝑠′∈𝑆 P(𝑠, 𝛼, 𝑠′) = 1, 𝛼 is enabled in 𝑠 , and P(𝑠, 𝛼, 𝑠′) gives the probability that the next state is

𝑠′ conditioned on the system being in state 𝑠 and action 𝛼 being chosen. We also write Act (𝑠) for
the set of actions enabled in 𝑠 .

A reachability problem is characterised as follows: given a set of goal states B ⊆ 𝑆 , maximise

the probability that a state in B is reached from the initial state 𝑠0. That is, we want to calculate

Prmax

𝑠0
(reach(B)). In our application, B is the set of states in which a bundle has been successfully

delivered. Moreover, we are also interested in determining the decisions—namely, the policy or

scheduler—that lead to such a maximizing value. A scheduler is a function 𝜋 : 𝑆 → Act that defines
the decision that resolves a possible non-determinism. This problem can be solved e.g. by using

value iteration on the Bellman equations [5].

2.3 Encoding Contact Plans
Consider the example uncertain contact plan with nodes 𝐴, 𝐵,𝐶 , and 𝐷 in Fig. 2. It spans a window

of five time slots, 𝑡0 to 𝑡4. We also assume an ending time 𝑡5. The possible contacts in each slot are

depicted by an arrow labelled with the contact failure probability. In time slot 𝑡1, for instance, node

𝐶 is in reach of node 𝐵 with transmission failure probability of 0.1 (and success probability of 0.9).

Suppose we want to transmit a bundle from 𝐴 to 𝐷 . To increase the probability of success, we

allow two copies throughout the network. A state of the MDP consists of the number of copies that
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each node holds at a given time slot. Initially, at the beginning of 𝑡0, node𝐴 has the two copies while

the others have none, represented by state [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0] in Fig. 3. At this point, node 𝐴 has

three options: (i) sending only one copy to node 𝐵, represented by action “𝐴
1−→𝐵” leaving from state

[𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0], (ii) sending two copies to 𝐵 (action “𝐴
2−→𝐵”), or (iii) keeping the two copies (action

“𝐴 stores”). In the first case, the successful transmission leads to state [𝐴1 𝐵1𝐶0 𝐷0 | 𝑡1] where 𝐴 has

kept one copy and the other has reached 𝐵. Since success probability is 0.9, we have

P( [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0], 𝐴 1−→𝐵 , [𝐴1 𝐵1𝐶0 𝐷0 | 𝑡1] ) = 0.9.

Failing to transmit moves us to the next time slot without altering the number of copies in each

node. Therefore

P( [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0], 𝐴 1−→𝐵 , [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡1] ) = 0.1.

Action 𝐴
1−→𝐵 is the black transition out of [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0] in Fig. 3 where the solid line represents

the successful transmission while the dotted arrow represents the failing event. The situation is

analogous for action 𝐴
2−→𝐵 (red transition on the right), while for storing the two bundles there is

no possibility of failure, so we have

P( [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡0], 𝐴 stores , [𝐴2 𝐵0𝐶0 𝐷0 | 𝑡1] ) = 1.

The construction is similar for the rest of the MDP. Fig. 3 depicts it partially; we indicate with “. . . ”

where the MDP needs to continue.

We assume that the sending node can determine whether a transmission was successful or not;

in case of success, it deletes the transmitted number of copies, while in case of failure, it keeps

them. This ensures that the entire network contains the intended number of copies at any time,

which is possible and typical in LEO constellations. We refer to this assumption as acknowledged
communication (a.k.a. custody transfer in the Bundle Protocol [32]). The alternative is fully unreliable
communication, where transmitted copies are lost upon failure, which is natural in deep-space

communication.

The assumption of ’acknowledged communication’ plays a pivotal role in maintaining the

integrity of the network by ensuring the consistency of the number of message copies. It is

particularly critical for RUCoP’s operational model, as it relies on a fixed number of copies for

accurate state representation within its MDP framework.While this principle is equally pertinent for

the LSS and QL methods, which also operate on the same MDP structure, the sampling-based nature

of these approaches may obscure its impact in practical scenarios. We maintain this hypothesis

throughout our evaluation to ensure model consistency and clear comparative analysis. However,

we acknowledge this assumption’s potential limitations and propose exploring its relaxation and

the subsequent practical implications as an avenue for future research.

2.4 Global and Local Information
For the MDP described above, the maximizing scheduler for goal set G = { [𝐴𝑎 𝐵𝑏 𝐶𝑐 𝐷𝑑 | 𝑡5] |
𝑑 ≥ 1∧ (𝑎 + 𝑏 + 𝑐 + 𝑑) ≤ 2 } describes the optimal routing decisions and is represented by the black

choices in Fig. 3. This scheduler, however, is based on a global view of the system: decisions are

taken based on the current state of the whole network. This implies that distributed nodes need

to know where all copies are in the network at any moment, including remote and potentially

disconnected nodes. This is impossible to achieve in practice in highly partitioned DTNs. Nodes

must therefore decide based on partial local knowledge. To illustrate, consider time slot 𝑡2 in the

example of Fig. 2. Here, node 𝐴 has two possible decisions: storing or forwarding to 𝐶 . Consider

precisely the situation in which 𝐴 has one copy and the second copy is already on its way. 𝐴’s

optimal decision depends on whether the other copy is on 𝐵 or 𝐶 at time 𝑡2, reflecting the optimal

decisions on Fig. 3: 𝐴 stores if 𝐶 already has the other copy and 𝐴 forwards to 𝐶 if 𝐵 has the copy.

However, it is most likely that 𝐴 is not able to know whether the second copy is in 𝐵 or𝐶 , in which
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case𝐴’s decision should be the same regardless if it is in state [𝐴1 𝐵1𝐶0 𝐷0 | 𝑡2] or [𝐴1 𝐵0𝐶1 𝐷0 | 𝑡2].
This type of problem, in which decisions in an MDP associated to a distributed system may only be

based on local knowledge, is known as distributed scheduling [19, 40, 41].

3 ROUTING IN UNCERTAIN DTNS
The optimal global scheduler can be computed using any probabilistic model checker such as

Prism [58], Storm [50], or mcsta of theModest Toolset [46]: we compactly describe the MDP

and the goal set in the tool’s higher-level input language; then the tool generates and stores in

memory the MDP’s entire state space, solves the reachability problem by solving the linear program

induced by the Bellman equations [47] or by using an iterative algorithm such as a sound variant

of value iteration [44, 48, 70], and writes the induced scheduler to file. Probabilistic model checkers,

however, are generic tools that solve arbitrarily structured MDP without optimizations for the DTN

routing application. For complex networks, they will quickly encounter the state space explosion

problem and run out of memory (see [71]). Furthermore, none of them provides a solution for

the local-information problem. We now summarise the two pre-existing MDP-based approaches

for optimal DTN routing under uncertain contact plans, RUCoP and LSS, and our adaptation of

Q-learning.

All three can also produce schedulers based on local information only, and approach the routing

process in an off-line fashion: the routing decisions are pre-computed in a centralised node. While

we have a model of the entire MDP at hand, LSS and Q-learning are in fact model-free algorithms:

They only need to be able to observe states, obtain the set of actions enabled in a state, and sample
a successor state for the selected action. RUCoP, in contrast, requires the full information about the

actions’ probability distributions. LSS and Q-learning thus do not make use of all the information

that is available in our model-based approach.

3.1 RUCoP
RUCoP [72] (routing under uncertain contact plans) provides an analytical solution to find the

routing decisions optimising SDP for an uncertain contact plan.

The first observation exploited by RUCoP is that, due to the inclusion of the current time slot

value in the states, the MDP for an uncertain contact plan is acyclic. RUCoP thus only constructs

the “optimal” part of the MDP by following the Bellman equations backwards. In our example from

the previous section, it starts at any state in 𝑡5 in which 𝐷 contains at least one copy (that is, the

goal G defined above). It then walks backwards in the contact plan, selecting only the maximizing

transitions according to the Bellman equations.

More precisely, RUCoP first determines the goal states in the last time slot and then iterates

through the time slots starting from the last but one. In turns, each iteration walks through every

state 𝑠 explored in the previous time slot (say 𝑡𝑖+1) and proceeds in two phases. The first phase

builds all possible transitions that reach 𝑠 without failing in any possible contact (some storing

could also take place). The second phase iterates through all these transitions determining the

predecessor state (which is then included in the set of explored states at time slot 𝑡𝑖 ), finding the

best decision explored so far at this state (i.e. the candidate optimizing transition) and calculating

the probability at the state to eventually deliver the message successfully using that decision. Thus,

when it terminates, RUCoP delivers the set of all states that reach a goal state (i.e., a message arrives

to target) with positive probability, the probability of doing so from each state, and the best decision

in each state. The latter one can be turned into the routing tables. For a comprehensive and detailed

exploration of the RUCoP algorithm, readers are encouraged to consult our previous work [72].
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This reference offers an in-depth explanation and full listing of the algorithm’s steps, providing

valuable insights for those seeking a deeper understanding of its mechanisms and applications.

In its general form, RUCoP considers the possibility that multiple nodes can transmit to each

other in one time slot, which may produce a cycle in the MDP. However, since cyclic transmission

would only lower the SDP, RUCoP can break all such cycles and keep the MDP acyclic. The full

RUCoP algorithm is in 2-EXPTIME: its runtime is exponential in the number of nodes and doubly

exponential in the number of copies. This makes RUCoP highly expensive in time and memory.

However, for memory optimization, RUCoP not only constructs the optimal part of the MDP

backwards in an on-the-fly manner, but also writes all information that is not going to be necessary

for further calculations to disk. In particular, only the states at the current time slot are necessary for

calculating the states at the preceding time slot and the respective connecting optimal transitions.

RUCoP delivers optimal routing decisions in general. However, it is based on a global view of the

system which, as mentioned in Sect. 2.4, let nodes make routing decisions based on information not

available locally. To find local-information schedulers, we need to use its L-RUCoP (local RUCoP)

variant. It works as follows: Suppose that, to increase reliability, 𝑛 copies of the bundle are used.

L-RUCoP builds a table 𝑇 (𝑁, 𝑐, 𝑡𝑖 ) that assigns to each node 𝑁 holding 𝑐 copies (1 ≤ 𝑐 ≤ 𝑛) at

time 𝑡𝑖 the best decision based on local knowledge. This decision is taken from running RUCoP

on 𝑐 copies (instead of 𝑛), which basically amounts to supposing that 𝑁 holds 𝑐 copies and no

copy is on the other nodes. Thus, for our example, the decision for states [𝐴1 𝐵1𝐶0 𝐷0 | 𝑡2] and
[𝐴1 𝐵0𝐶1 𝐷0 | 𝑡2] will be both taken from 𝑇 (𝐴, 1, 𝑡2) which in turn is obtained from the decision in

state [𝐴1 𝐵0𝐶0 𝐷0 | 𝑡2] derived from running RUCoP with one single copy. On top of this basic idea,

L-RUCoP also exploits extra knowledge that may be available in certain occasions. For instance,

at time 𝑡1 in our example, 𝐴 knows if 𝐵 holds a copy depending on whether the transmission at

time 𝑡0 was successful or not. In this case, L-RUCoP looks ahead using the appropriate RUCoP

instance on the state with the available knowledge where, just like before, all information about

the other (unknown) copies is assumed to be 0. In the example, at time 𝑡1, the entry 𝑇 (𝐴, 1, 𝑡1) will
be filled with the information retrieved from RUCoP for two copies on state [𝐴1 𝐵1𝐶0 𝐷0 | 𝑡1] since
𝐴 knows 𝐵 has received the copy. The interested reader may find the details of L-RUCoP as well as

the full specification of RUCoP in [72].

3.2 LSS
Given a discrete-time Markov chain (DTMC), i.e. an MDP where every state has at most one enabled

action, Monte Carlo simulation or statistical model checking (SMC [2]) can be used to estimate

the probabilities for reachability problems: We (pseudo-)randomly sample 𝑛 paths—simulation
runs—through the DTMC, identify each success (that reaches a goal state) with 1 and every failure

with 0, and return the average as an estimate of the reachability probability. The result is correct

up to a statistical error and confidence depending on 𝑛. Compared to probabilistic model checking,

SMC needs only constant memory, assuming that we can effectively simulate the MDP from a

high-level description so that we do not need to store its entire state space. As a simulation-based

approach, SMC is easy to parallelise and distribute on multi-core systems and compute clusters.

Sampling schedulers. Lightweight scheduler sampling [60] (LSS) extends SMC to MDP, keeping

its constant memory usage: Given an MDP𝑀 , it

(1) randomly selects a set 𝛴 of𝑚 schedulers, each identified by a fixed-size integer (e.g. of 32

bits as in our implementation),

(2) employs some heuristic (that involves simulating the DTMCs𝑀 |𝜎 resulting from combining

𝑀 with a scheduler 𝜎 ∈ 𝛴) to select the 𝜎max ∈ 𝛴 that appears to induce the highest

probability, and finally
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(3) performs a standard SMC analysis on𝑀 |𝜎max to provide an estimate 𝑝𝜎max for Pr
max

𝑠0
(reach(B)).

However, note that—unless we are lucky and 𝛴 happens to include an optimal scheduler and the

heuristic identifies it as such—𝑝𝜎max is an underapproximation of Prmax

𝑠0
(reach(B)) only, and subject

to the statistical error of the SMC analysis. The effectiveness of LSS depends on the probability

mass of the set of near-optimal schedulers among the set of all schedulers that we sample 𝛴 from:

It works well if a randomly selected scheduler is somewhat likely to be near-optimal, but usually

fails in cases where many decisions need to be made in exactly one right way in order to get a

successful path at all.

We use a simplified variant of the smart sampling [25] approach to select 𝜎max in step 2: We start

by performing 1 simulation run for each of the𝑚 schedulers, then discard the ⌈𝑚
2
⌉ worst of them;

in the next round, we perform 2 runs for each of the approx.
𝑚
2
remaining schedulers, and again

discard the worst half. We continue until only one scheduler remains, which is 𝜎max . In this way,

the number of simulation runs, and thus the runtime, needed for LSS grows only logarithmically

in𝑚.

Constant-memory schedulers. The key to LSS is the constant-memory representation of schedulers

as (32-bit) integers. It enables LSS’ constant memory usage in the size of the MDP, which sets it

apart from simulation-based machine learning techniques such as reinforcement learning, which

need to store learned information (e.g. Q-tables) for each visited state (see Sect. 3.3).

Let 𝑖 ∈ Z32 identify scheduler 𝜎𝑖 . Then, upon encountering a state 𝑠 with 𝑘 > 1 enabled actions

while simulating𝑀 |𝜎𝑖 , LSS selects the (H (𝑖 .𝑠)mod𝑘)-th action, where 𝑖 .𝑠 is the concatenation of the
binary representations of 𝑠 and 𝑖 , andH is a (usually simple non-cryptographic) hash function that

maps its inputs to a fixed-size integer so that, ideally, the resulting values are uniformly distributed

over the output space. This selection procedure is deterministic, so we can reproduce the decision

for state 𝑠 at any time knowing 𝑖 . For nontrivial H , it is also highly unpredictable: changing 𝑖 , e.g.

by modifying a certain bit, may result in a different decision for many states.

3.2.1 Local information. As described above, LSS produces global-information schedulers. However,

it can be adapted to sample from local-information schedulers only [22]: When having to make a

decision on node 𝑁 , instead of feeding 𝑖 .𝑠 into H , we use 𝑁 .𝑖.𝑠 |𝑁 instead, where 𝑠 |𝑁 contains only

the information locally available to node 𝑁 : the number of locally-stored copies and the current

time slot. We refer to LSS with local-information schedulers as L-LSS, whereas we denote by LSS

the original global-information technique.

To avoid conflicts where two nodes need to make a decision at the same time, assume that the

high-level modelling of the MDP as a system of multiple independently executing nodes is good for
distributed scheduling [22]. In words, an MDP is good if, in all states where there is a nontrivial

choice between actions from multiple nodes,

(1) this choice cannot influence whether we directly move to a goal state,

(2) no node has a local choice involving at least one transition in which another node is involved,

and

(3) no transition can change variables that are visible to a node not involved in the transition.

The MDPs for DTN routing that we create from contact plans are good for distributed scheduling

by construction.

Implementing L-LSS schedulers. A scheduler found to be good via L-LSS can in principle be

implemented, e.g. on the satellites themselves, by simply replicating the L-LSS decision procedure:

each node knows its identifier 𝑁 , the number of copies it stores, and can translate the current time

into a time slot in the contact plan. The only data that needs to be transmitted to the node is the

integer identifying the scheduler.
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3.2.2 Our improvements to LSS for DTN. For our comparison in Sect. 4, we use the implementation

of DTN routing with LSS and L-LSS of [22]. It consists of two parts: a cp2modest Python script

that converts a contact plan into a high-level description of the MDP as described in Sect. 2.3

in theModest modelling language [45], and an implementation of LSS and L-LSS in the modes

simulator/statistical model checker [11] of theModest Toolset. We use the latter as-is, but have

added preprocessing based on decisions already implemented in RUCoP to the former in order to

produce more succinct MDP models as follows:

(1) Useful contacts only. A contact may be useless for transmitting a message from the source

to the target node because it leads to a dead-end, i.e. a situation where a message copy is

transmitted to node 𝑋 in time slot 𝑡 but there is no sequence of contacts reaching the target

from 𝑋 after 𝑡 . Similarly, there may not be any sequence of contacts from the source to 𝑋

before 𝑡 : then 𝑋 is guaranteed not to have any copies in 𝑡 . By analysing the graph of contacts

over time, we precompute the predicates rcsrc and rcdest that, given a node 𝑋 and a time slot,

return true iff an earlier sequence of contacts exists from the source to 𝑋 or a later one from

𝑋 to the target, respectively. We then include only those contacts for 𝑋 at time slot 𝑡 in the

model for which rcsrc (𝑋, 𝑡) ∧ rcdest (𝑋, 𝑡). This reduces the amount of decisions in the MDP,

and thus the number of schedulers to sample from, without excluding any scheduler with

positive message delivery probability. Consequently, (near-)optimal schedulers are more

likely to be sampled.

(2) Forcing to send.With the same motivation, when we are in node 𝑋 ’s last useful contact, it

would be useless to keep any copies. Thus, for such contacts, the only option that we generate

now is to send all available copies.

(3) Forcing to receive. Like a node deciding to store all copies at a contact, i.e. choosing not to send,
the previous translation allowed the receiving node to ignore the incoming transmission

(which would consequently look like a failure to the sender). While this allowed some

interesting collaborations between nodes to share non-local information [22, Sect. 5.3], we

are not interested in such special behaviours, and consequently omit the option to ignore an

incoming message. This again reduces the scheduler sampling space.

(4) Skipping empty slots. The previous translation generated a “clock tick” action to advance time

from 𝑡 to 𝑡 + 1 in all nodes for every time slot, even if that slot had no contacts. To improve

simulation runtime, we now omit these actions for empty slots and directly skip ahead to the

next slot with a contact.

All combined, these improvements eliminate many useless schedulers from the sample space,

making (L-)LSS noticeably more likely to find good ones; they also simplify the model, improving

the runtime and memory consumption of modes. We will showcase the difference on one of our

benchmarks in Sect. 4.

3.3 Q-Learning
Reinforcement learning [81] is a machine learning approach to train agents to take actions max-

imising a reward in uncertain environments. Mathematically, the agent in its environment can

be described as an MDP: the agent chooses actions; the environment determines the states and is

responsible for the probabilistic outcomes of the actions. One specific and popular reinforcement

learning method is Q-learning [83]. It maintains a Q-function

𝑄 : 𝑆 × Act → [0, 1]
stored in explicit form (as a so-called Q-table) initialised to 0 everywhere. Using a learning rate

parameter 𝛼 , a discounting factor 𝛾 ∈ (0, 1], and a probability 𝜖 , 𝑘 learning episodes are performed

as follows, starting from 𝑠 being the MDP’s initial state 𝑠0:
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(1) Perform option (a) with probability 𝜖 and (b) with probability 1 − 𝜖 :

(a) Select 𝑎 from Act (𝑠) uniformly at random (exploration).
(b) Select 𝑎 := argmax𝑎′∈Act (𝑠 ) 𝑄 (𝑠, 𝑎′) (exploitation).

(2) Select 𝑠′ ∈ { 𝑠′′ ∈ 𝑆 | P(𝑠, 𝑎, 𝑠′′) > 0 } at random according to the probabilities given by P.
(3) Set 𝑟 := 1 if 𝑠′ ∈ B and 0 otherwise.

(4) Update 𝑄 (𝑠, 𝑎) := 𝑄 (𝑠, 𝑎) + 𝛼 · (𝑟 + 𝛾 ·max𝑎′∈Act (𝑠′ ) 𝑄 (𝑠′, 𝑎′) −𝑄 (𝑠, 𝑎)).
(5) If 𝑠′ ∈ B or 𝑠′ has probability 0 of reaching a goal state, end the episode;

else set 𝑠 := 𝑠′ and go to step 1.

Typically, 𝛼 and 𝜖 decrease over time from the first to the last episode. A higher 𝜖 allows the

algorithm to explore various actions, avoiding premature convergence to sub-optimal solutions.

As the algorithm learns more about the environment, it becomes beneficial to gradually reduce

𝜖 , leading to a focus on exploiting the best-known strategies. Similarly, 𝛼 determines the impact

of new information on the existing knowledge. A high initial 𝛼 allows for rapid learning but can

destabilize due to noisy data or outliers. Reducing 𝛼 over time helps stabilize the learning process as

the algorithm converges, integrating new information more conservatively [83]. As an optimisation,

we skip the Q-table updates for states with only one enabled action.

An episode is very similar to a simulation run, and we again assume that we can effectively

perform the above operations using a high-level description of the MDP so that we do not need to

store its entire state space. The main differences to simulation as used for SMC and LSS are that we

update the Q-function to estimate the “quality” of taking action 𝑎 from state 𝑠 as 𝑄 (𝑠, 𝑎) and follow

an “𝜖-greedy” strategy: initially, when 𝜖 is high, we mostly explore randomly; over time, we make

it more and more likely to follow what looks like the best action to improve our estimate of its

quality. RL traditionally optimises for expected discounted rewards, thus the discounting factor 𝛾 ;

for reachability problems as we consider them in this paper, we set 𝛾 to 1 and only obtain a reward

upon reaching a goal state (as above). As long as (1) we are guaranteed to visit every state infinitely

often (i.e. if 𝜖 never becomes 0), (2) parameters 𝛼 and 𝜖 decrease over time from the first to the

last episode, and (3) these series of parameters fulfill some variant of the stochastic approximation

conditions, max𝑎∈Act (𝑠0 ) 𝑄 (𝑠0, 𝑎) converges towards Prmax

𝑠0
(reach(B)) [81, 83].

Memory and runtime. Q-learning is similar to LSS in that it uses simulation runs; consequently,

both are so-called model-free techniques. Its memory usage, however, is in O(|𝑆 | · |Act |) (for the
Q-table) and thus more similar to probabilistic model checking and RUCoP. For many models,

however, Q-learning only explores—and thus stores a Q-value for—a subset of 𝑆 . This happens some

parts of the state space have a very low probability of being reached from 𝑠0 within the specified

number of episodes. Additionally, no Q-values need to be stored for states where |Act (𝑠) | = 1.

In terms of runtime, RUCoP is, on an abstract level, incomparable to LSS and Q-learning: RUCoP’s

runtime depends on the number of relevant states of the MDP and the number of message copies,

whereas the time spent in LSS and Q-learning depends on the number of simulation runs performed.

For LSS using our smart sampling approach, we need O(𝑚 · log𝑚) runs (where𝑚 is the number of

schedulers to sample), while Q-learning needs O(𝑘) runs (where 𝑘 is the number of episodes to

learn from). Each run (episode) in Q-learning is however slightly more computationally expensive

than in LSS due to the computations involving the Q-table needed for 𝜖-greedy scheduling and the

learning in step 4.

3.3.1 Local information. Q-learning as described above ranges over global-information schedulers,

training a single global agent to make the choices. In the local-information setting of DTN routing,

we instead have a multi-agent reinforcement learning (MARL) [15] problem. In particular, our
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agents—the nodes of the DTN—act cooperatively, attempting to achieve the common goal of end-

to-end message delivery, with partial information. Where we use MDP with distributed scheduling,

the conceptually corresponding model typically used to capture the same scenario in machine

learning is that of decentralised partially observable MDP (Dec-POMDP) [65]. Like distributed

scheduling, finding optimal schedulers in Dec-POMDP is an intractable problem, already being

NEXP-complete in the finite-horizon case [8].

One straightforward adaptation of Q-learning to the multi-agent local-information setting is

the concurrent learning approach [66]. Here, each agent (in our case: DTN node) learns on its

own, keeping and updating its own Q-function and only observing that part of the current state

that contains the agent’s local information. As a result, however, each learners’ environment

now includes the other learners, making the environment non-stationary—which violates a main

assumption of the Q-learning algorithm: As one agent learns, it modifies its choices, which can

ruin the quality of other agents’ learned choices (and thus invalidate the information stored in their

Q-tables) by invalidating the observations on which they are based. Consequently, convergence and

optimality are no longer guaranteed [20]. We nevertheless follow the concurrent learning approach

for our experiments with DTNs in this paper, due to its simplicity.

An MDP resulting from the parallel composition of multiple components/agents/DTN nodes

gives rise to a product state space as shown in Fig. 3, where every state is a combination of the

local states of all nodes. This results in an explosion of the state space as the number of nodes

grows. With concurrent Q-learning, however, each node’s learner only sees the local component

state space. Thus, instead of being exponential in the number of nodes as in global Q-learning,

the number of Q-values stored in concurrent Q-learning grows only linearly with the number of

components. This makes concurrent Q-learning particularly interesting to compare with L-RUCoP,

which explores the entire (backwards reachable) product state space of exponential size, and LSS,

which has constant memory usage.

The waywe implement concurrent Q-learning is by running one copy of the Q-learning algorithm

described at the beginning of Sect. 3.3 per node 𝑁 with the following modifications:

(1) In all computations involving the Q-table, instead of working with global states 𝑠 , 𝑠′, etc., we
work with their projections 𝑠 |𝑁 , 𝑠′ |𝑁 , etc.

(2) For step 1, we first need to choose at a global level one of the nodes to make the scheduling

choice. Due to the MDP being good for distributed scheduling, at most one node will have a

nontrivial choice in each state; that is the one node we let perform the Q-learning steps for

this state.

(3) When we reach a goal state, we let all nodes perform the Q-learning steps for this last step

with reward 1 (i.e. we do not make any attempt at a distributed reward assignment).

In the remainder of this paper, we write QL for Q-learning with global information, and L-QL for

our variant of concurrent Q-learning.

3.3.2 Our implementation. We have newly implemented Q-learning for MDP with global and local

information as part of the modes tool for this paper, significantly extending an earlier prototype

implementation for stochastic hybrid systems [64]. In contrast to a pure Q-learning implementation

to approximate Prmax

𝑠0
(reach(B)) that would return max𝑎∈Act𝑠0 𝑄 (𝑠0, 𝑎) after 𝑘 learning episodes

have been performed, modes instead follows up on the learning with a standard SMC analysis on

𝑀 |𝜎𝑄 to provide an estimate 𝑝𝜎𝑄 for Prmax

𝑠0
(reach(B)) (like in step 3 of the LSS approach). Here, 𝜎𝑄 is

the scheduler that maps each state 𝑠 to action choice 𝑎 = argmax𝑎′∈Act (𝑠 ) 𝑄 (𝑠, 𝑎′). We found that the

Q-values tend to identify a good scheduler long before they converge to a reasonable approximation

of Prmax

𝑠0
(reach(B)); by separating the scheduler-finding and scheduler-evaluation tasks in this way,

we tend to get better final results with fewer episodes. This is in fact similar to the deep statistical
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Fig. 4. Binomial tree.

model checking technique [42], which however uses deep neural networks to approximate the

Q-function in place of our explicit table-based representation, thereby gaining scalability but losing

monotonicity and the convergence guarantee that we have in the global-information case and not

necessarily performing better than LSS [49].

4 EVALUATION
In order to evaluate the performance-cost trade-off of LSS, RUCoP, and Q-learning in uncertain

DTNs, we have created a benchmark set consisting of three use cases to compute SDP metrics and

the associated computational cost.

4.1 Benchmark Set
The proposed benchmark comprises random, binomial, and ring-road network configurations,

which we describe below. While the random and binomial networks are artificial examples to study

the behaviour of the three methods, the ring-road network is a realistic case study.

4.1.1 Random networks. This is the first and simplest model of the benchmark. It uses a uniform

distribution of contacts among a configurable number of network nodes and contact plan duration.

The primary objective of this benchmark suite is to facilitate an evaluation that is broad-based and

academically oriented, focusing on general principles rather than being tethered to specific network

deployment scenarios. We use 10 random topologies with 8 nodes, each covering a duration of 100

seconds. Time is discretised into episodes of 10 seconds. In each episode, the connectivity between

nodes (i.e. the presence of contacts) is decided based on a contact density parameter of 0.2, similar

to [62]. We assume an all-to-all traffic pattern, run each of the routing algorithms 100 times on

each of the 10 networks, and report the averages.

4.1.2 Binomial networks. We have devised a family of contact plans with a binomial topology to

gain insights into how increasing the topological complexity affects the different routing algorithms.

They are easy to scale up in a controlled manner that preserves the characteristics of the topology.

The topology is a binomial tree. The higher the number of levels in the tree, the more complex the

routing problem is to solve. Specifically, a binomial topology with 𝐿 levels implies:

(1) 1 + 2
𝐿−2

nodes have contacts with two neighbors;

(2)

∑𝑖<𝐿−2
𝑖=1 2

𝑖
nodes have contacts with three neighbors; and

(3) 1 final destination node has 2
𝐿−2

contacts.

The resulting tree is illustrated in Fig. 4. Contacts between consecutive levels are also consecutive

in the time dimension, that is, the order of the contacts corresponds to enumerating the arrows

in Fig. 4 left-to-right, top-to-bottom. A node on the 𝑖-th level will have a total of 2
𝐿−2−𝑖

paths to
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Fig. 5. RRN satellite constellation topology, parameters and orbital tracks [36].

the destination. Therefore, the larger the level count, the more nodes are in the network and the

more paths per node have to be evaluated. For example, a binomial topology of 6 levels results in

32 nodes with up to 32 simple paths. When considering the forwarding of 3 copies, a total of 91, 000

possible actions need to be considered.

4.1.3 Ring road networks. Finally, for our evaluation targeting an industry-focused use case,

we employed a realistic satellite topology derived from high-precision orbital propagators. This

topology provides a practical and authentic context, enabling us to assess the applicability and

effectiveness of our solutions in real-world industrial settings. Specifically, we consider a low-Earth

orbit Walker constellation of 16 satellites as proposed and described in [36]. Satellites act as data

mules by receiving data from 22 isolated ground terminals, storing the data, and delivering it to a

ground station placed in Argentina. We use an all-to-one traffic pattern. The satellites are equipped

with inter-satellite links (ISLs), so contacts are possible in orbit. The dynamics of the topology and

the specific orbital and ground parameters are depicted in Fig. 5. Routes can involve multiple hops

between satellites and ground terminals. The scenario spans 24 hours and is sliced into 1440 time

slots, each of 60 s. Within a time slot, we consider a contact feasible if communication is possible

for more than 30 s.

4.2 Analysis
Our evaluation results present compelling evidence of the trade-off between the LSS and RUCoP

approaches, both in their global (LSS and RUCoP) and local versions (L-LSS and L-RUCoP). We

evaluate them in terms of the SDP of the computed scheduler, and the computational resources
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Fig. 6. SDP gain over CGR in random networks.

used: processing time and memory consumption. Plain single-copy CGR is used as a baseline. We

write “(L-)RUCoP-𝑐” and “(L-)LSS-𝑐” for the respective method when allowing 𝑐 copies. We have

used an Intel Core i5-5300U (2 cores, 4 threads, 2.3-2.9 GHz) system with 12GB of memory running

64-bit Ubuntu 18.04.5 for all experiments.

4.2.1 Random networks. The SDPs we obtained for random networks are illustrated in Fig. 6. To

facilitate the interpretation of the outcomes, we plot the curves with respect to the SDP delivered

by CGR. Indeed, CGR is the baseline of comparison as it assumes a perfect contact plan that does

not drift from reality. As the contact plan becomes more uncertain, the RUCoP- and LSS-based

schemes provide increasingly better SDPs. This holds up to the point where the failure probability

is such that the partitioning of the topology dominates (i.e. 𝑝 𝑓 ≈ 0.8), a situation in which delivery

of data becomes much more difficult. Still, in these cases, RUCoP and LSS perform noticeably better

than CGR. QL-based algorithms show a more varied performance which depend on the number of

learning episodes and if the algorithm is based on global or local information.

We ran QL and L-QL in two configurations, one training using 𝑘 = 10000 learning episodes

and the other using 𝑘 = 100000 episodes. This is indicated with “#Ep” in our figures. We can

see in Fig. 6 that, for this case study, the increase on learning episodes yields an improvement

on the SDP which could be up to 14% in the global case, though generally milder for the L-QL

variants. Also, notice that the L-QL techniques perform relatively well in general, while the global

QL cases mostly underperformed CGR when the number of episodes was low. Both phenomena

are explained by the combination of the size of the Q-table and the exploration budget. The Q-table

for QL grows exponentially with the number of nodes in the network, while it grows linearly for

L-QL. Therefore, a very large number of episodes would be required to explore each position of

the Q-table sufficiently many times in QL. Instead, being the Q-table exponentially smaller, the

likelihood of visiting each of its positions in L-QL with the same budget is much higher, hence, the

learning speed.

We also ran LSS and L-LSS in two configurations, one sampling𝑚 = 1000 and one sampling

𝑚 = 10000 schedulers. We indicate𝑚 as “#SS”, the number of sampled schedulers, in our figures.
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From Fig. 6, we observe that increasing𝑚 from 1000 to 10000 does not improve the SDP drastically

in these random networks. In particular, averaged along all failure probabilities, sampling𝑚 = 10000

schedulers improves SDP by ≈ 1.8%, with ≈ 5.8% being the maximum gain registered at 𝑝 𝑓 = 0.7.

We explain this limited improvement with the simplicity of the random topologies, which are easily

explored with few schedulers.

Tomake a fair comparisonwe grouped the LSS techniques with 1000 schedulers sampling together

with the QL techniques with 10000 learning episodes as they require comparable computational

effort. Similarly, we grouped the LSS with 10000 schedulers sampling together with the QL under

100000 learning episodes.

When compared to L-RUCoP, L-LSS is, on average, 3% and 1% worse in terms of SDP, for 1000

and 10000 schedulers, respectively. The larger difference is observed at 𝑝 𝑓 ≈ 0.7% and 3 copies,

where L-RUCoP outperforms L-LSS by 10%. L-QL shows slightly lower results particularly for

higher failure probabilities (𝑝 𝑓 ≥ 0.7). We observe that the lower the number of copies, the smaller

the difference between L-RUCoP, L-LSS and L-QL. In particular the single-copy case is almost

identical in SDP for L-RUCoP and L-LSS. Interestingly, the single-copy case provides limited or no

gain with respect to the CGR baseline in these simple topologies. A similar effect was reported for

Opportunistic CGR in [13].

Regarding the processing and memory footprint for random networks, all the techniques we

study always complete in less than 20 seconds, using less than 20 MB of memory. Also, we observe

that the runtime and memory values were rather stable and independent of the failure probability.

In the following, we thus leverage the more complex binomial and ring-road topologies for a more

detailed time and memory consumption assessment.

4.2.2 Binomial networks. The results obtained for binomial networks are plotted in Fig. 7. All links

in the topology were set to a failure probability of 0.1 in this case. Instead, we vary the tree level

count from 4 to 8 (i.e. 8 to 128 nodes, and 13 to 449 paths), to evaluate the performance of RUCoP

and LSS with increasing topological complexity, and thus, increasing routing decision making

difficulty. Results are expressed, from left to right in the figure, in terms of SDP, solving time, and

required memory.

In the binomial topologies, the CGR baseline is always equal to RUCoP with one copy (RUCoP-1)

since the path with the earliest delivery time is also the one with highest SDP. On the other hand,

the global view of RUCoP can be directly implemented with a limited local view. This is because

each node can only reach two exclusive neighbors, which means that the local information is

already enough to take a globally-optimal decision (i.e. the amount of copies to send to one of the

two next hop nodes). As a result, L-RUCoP and RUCoP plots in Fig. 7 are presented in a single

curve (solid line).

On the one hand, the SDP plots show that LSS is rather close to RUCoP when leveraging 10000

schedulers, especially for low level counts (with less than 0.01% difference). In the worst-case

scenario with 8 levels, L-LSS is only 3% below L-RUCoP for the single and dual copy scenarios.

However, due to memory exhaustion, RUCoP (and thus L-RUCoP) fails to deliver a valid routing

schedule for 8 levels and 3 copies (its limit highlighted by the red circle in Fig. 7). We verify that for

this case, more than 15 million actions need to be considered in the MDP. Another observation

from these plots is that the delivery probability when using dual copies increases from ≈0.88 to
≈0.97 (i.e. by 10%) for 4 levels and from ≈0.85 to ≈0.96 (i.e. by 13%) for 8 levels. However, due to

the binomial nature of the topology, having a third copy provides limited or no advantage.

With respect to QL, in general, the resultig SDP values are comparable to LSS on levels 4 and 5

and, in general, the local variants with multiple copies (namely, L-QL-2 and L-QL-3) have responded

with results closer to L-LSS with the same number of copies (some times slightly better, some
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Fig. 7. SDP, solving time, and memory for binomial networks with varying complexity.

times slightly worst) However, for higher levels, in particular for the global case, QL significantly

underperformed the other methods in most of the cases, most likely due to the fact that this

technique may get trapped on local maxima. Another thing to observe here is that all QL variants

reported the same results regardless whether the number of learning episodes is increased from

10000 to 1000000, implying that, in this case, a relatively low number of episodes is sufficient to

saturate the learning curve.

Regarding the time and memory requirements in the binomial topologies, RUCoP proves to be

by far the most demanding approach. In the worst case solved for 3 copies (7 levels), RUCoP needs

28 minutes of computation time, compared to less than 10 seconds for LSS with 1000 schedulers, or

1 minute with 10000 schedulers. This is a notable difference considering the similar performance

in terms of SDP. Solving time and memory plots of the original LSS as in [22], i.e. without the

improvements described in Sect. 3.2.2, are also plotted in Fig. 7, in gray dashed lines. These

improvements reduce LSS runtime by up to ≈600% (from 117 down to 17 seconds). A reduction of

≈6% in memory is also achieved. Indeed, in memory utilization, RUCoP quickly escalates up to

more than 1GB to keep track of the MDP decision tree, while lightweight schedulers never require

more than 100MB, even for the most complex binomial topologies. Also, notice that the different

QL methods show similar time performance as the LSS variants. With respect to memory usage, it

is mostly also comparable for low number of episodes. However, increasing to 100000, the memory

usage significantly increase in some cases for the higher level instances of the binomial network.

In any case, we already know there is no gain to increase the numbers of episodes (and hence the

memory usage) since the results for this family of models do not change.
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In summary, for binomial topologies, LSS and L-LSS with 10k schedulers closely follow RUCoP

and L-RUCoP in delivery probability and solving effort for simple trees. Instead, QL has more

difficulties to deliver consistently near optimal values and good results are more sparse. As the

topology’s complexity rises (notably for more than 7 levels), RUCoP exhausts the available memory.

Even in these challenging cases, LSS is able to deliver a valid solution with minimal runtime and

memory footprint.

4.2.3 Ring road networks. We have evaluated all downlink source-destination pairs in the realistic

RRN network. Fig. 8 present some representative cases for the different behaviors we observed. In

this figure, node 38 as the destination stands for the mission control center on ground, while node

1 and 7 are remote nodes sending data via the ring-road satellites
1
. For these nodes, we present the

computation of the routing schedule for varying contact plan sizes, spanning durations from 1 to 3

hours (plots from top to bottom). The #SS parameter is again varied to 1000 and 10000 schedulers,

to gain sensitivity on the improvement of the sampling technique (plots from left to right) and

similarly, the #Ep parameter is set to 10000 and 10000 episodes.

The SDP plots in Fig. 8 show that the longer the contact plan, the more noticeable the difference

between the analytic and statistical approaches (i.e. curves separate progressively). In particular,

there is barely any difference for any failure probabilities for the shorter contact plan with 1 h

of scheduling horizon. However, we observe that L-RUCoP is notably superior to L-LSS for the

2 h and 3 h plans, especially for failure probabilities between 0.4 and 0.8. Specifically, we observe

that the gap between RUCoP and LSS can be as large as ≈ 60%, for failure probabilities of ≈ 0.6,

and contact plans of 3 hours. Interestingly, the gap is reduced to ≈30% if we raise the number of

schedulers to 10000 in LSS, indicating that this case is right on the boundary of what can effectively

be solved via LSS. Nevertheless, both LSS and L-LSS perform worse than the CGR baseline even

when leveraging multiple copies in schedules larger than 2 h. This is compelling evidence that the

uninformed sampling strategy of LSS may not be fully adequate for realistic RRN topologies, even

though it performed pretty well in generic binomial and random topologies, and may need to be

adapted to a variant yet more specifically tailored to the DTN routing application. On the contrary

QL seems to perform better in this case study than in the previous one. Though still appreciated

the effects of local maxima, in which curves for QL do not show smooth curves, in the majority of

the cases it reports significantly better SDP that the respective LSS cases, in particular for the local

cases. Notably, in most of the cases, L-QL-1 and L-QL-2 report SDP values closer to L-RUCoP-1 and

L-RUCoP-2 than to L-LSS-1 and L-LSS-1, respectively.

Also, we observe that LSS and L-LSS are typically close, but L-LSS frequently presents better

SDP than the global LSS. This was also observed in Fig. 6, but in a much more subtle manner. We

explain this phenomenon with the fact that L-LSS has a reduced space of schedulers to be sampled

from, which increases the chances of finding a better routing policy.

Fig. 9 presents the computational resources required to obtain the discussed SDP results for

ring-road networks. This figure is computed based on the computational effort of solving several

downlinking node pairs (instead of the two example pairs discussed in Fig. 8). The results confirms

once again that RUCoP is able to deliver network performance at the expense of significantly higher

memory and runtime. In particular, the runtimes for the analytical approach can reach up to ≈ 20

minutes (for the 3-hour contact plan, with 3 copies), while LSS and QL typically delivers a result

in less than 1 minute. We thus postulate that the 3 h contact plan is as challenging for RUCoP

as the 7-level binomial topology, i.e. that larger contact plans are likely intractable for RUCoP.

Memory-wise, we observe similar ratios. While RUCoP needs as much as 600MB of memory for

the worst-case scenario, LSS consistently uses about 100MB. Again, this is due to the simulation

1
Nodes 1 and 7 correspond to nodes 8 and 15 in the contact plan used in [36].
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Fig. 8. SDP for RRN for different source-target nodes and plan durations.

nature of LSS, where no decision trees need to be stored as in RUCoP. The memory usage of

QL is comparative to LSS in the majority of the cases, using slightly more memory for the more

demanding cases. This is expected as it needs to store the Q-table. Interestingly, LSS also showed a

limited computational cost sensitivity to increasing L-LSS from 1000 to 10000. This is likely due

to the possibility of using multiple CPU threads concurrently to perform the exploration in LSS.
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Fig. 9. Solving time (top) and memory (bottom) for RRN for different source-target nodes, contact plan
durations, and numbers of schedulers sampled (R: RUCoP, L: LSS). Q: QL
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Indeed, LSS can exploit parallelization intensively: each scheduler can be evaluated independently

in separate threads. However, in RUCoP, the calculations for each time slot strongly depend on the

successor time slot, which limits parallelization.

In summary, the evaluation over realistic ring-road networks showed that there is still room for

improvement on scheduler sampling techniques to cope with more heterogeneous or application-

specific topologies. In our particular satellite constellation, L-RUCoP provided delivery probabilities

up to 60% higher than LSS, at higher computational costs. However, contrarily to the artificially

build binomial networks, QL reported much better SDP values in this real case study, usually

outperforming LSS and quite often getting results closer to those of the analytical approach.

Nevertheless, the QL approach still remains inconsistent at the time of delivering good results.

The reported runtimes and memory usages anyway appear reasonable for this kind of satellite

application. In particular, since satellites revisit ground stations at most every ≈90 minutes [34],

solving times of 20 minutes, as measured for RUCoP, are by all means acceptable.

5 CONCLUSIONS
This paper provides the first extensive comparison of the state-of-the-art analytical, statistical, and

learning-based routing approaches for uncertain DTNs. All three methods presented here leverage

MDP models. While RUCoP performs an exhaustive and optimal exploration of the solution space,

LSS exploits SMC with sampling for optimization and QL presents an alternative to LSS where

the search for optimizing schedulers is done through learning rather than sampling. We improved

the DTN models for LSS for efficiency and we also introduced here two variants of the Q-learning

method which have been newly implemented in the Modest Toolset. We thoroughly compared

the three approaches in a new benchmarking framework comprising random, binomial, and realistic

satellite network topologies.

The outcomes provided quantitative evidence of the performance of the global- and local-

information flavors of RUCoP, LSS, and QL. On the one hand, all schemes provide routes that

deliver up to 1.8 times the data volume achievable by the baseline CGR approach. In general, both

variants of RUCoP and LSS and the local variant of QL have consistently delivered good results,

normally outperforming CGR. However, we touched the tractability limits of RUCoP in binomial

networks of 8 levels. While RUCoP failed to deliver, LSS and QL were able to solve the problem with

just 5% of the memory footprint. We attribute part of this success to the improvements made to LSS

for DTNs in this paper. Last but not least, the analysis on realistic satellite networks showed that

despite the good performance of LSS, its applicability to case-specific topologies could enjoy further

refinement. Such work is indeed needed seeing that RUCoP already stressed the computational

resources for 3-hour contact plans. Notably QL, and particularly the local variant, has performed

better than LSS for the realistic case study, providing thus a possible alternative to RUCoP. In any

case, further studies are needed in this respect.

Even though LSS, RUCoP, and QL stand on the frontier of the state-of-the-art of routing in

uncertain DTNs, a few challenges remain to be tackled. On the one hand, all approaches assume

non-congested links: routing in uncertain and congested DTNs is an open research topic. Also

the integration of uncertain and Opportunistic CGR [13] is appealing future work. Finally, the

evaluation of the routing schedules obtained from the presented use cases in realistic DTN protocol

simulations is currently being investigated by the authors.

Data availability. A dataset with the models and tools needed to replicate our experimental

evaluation is archived and available at DOI 10.5281/zenodo.11214677 [23].
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