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Abstract

Delay and disruption tolerant networks arise in environments where connectivity is intermittent, mobility is high, and end-to-end paths
rarely exist for a sufficient duration. In such settings, routing decisions depend on stochastic contact patterns, constrained buffers, and
heterogeneous node behaviors. Traditional routing schemes either rely on epidemic replication, which increases resource consumption, or
exploit single carefully designed heuristics, which may be fragile under non-stationary conditions. At the same time, metaheuristic opti-
mization techniques offer flexible search procedures that can adapt routing choices to empirical performance signals but tend to focus on
single algorithms and centralized control. This paper considers a distributed portfolio view of metaheuristics for routing in delay and disrup-
tion tolerant networks, where each node maintains and updates a mixture of routing metaheuristics that jointly drive forwarding decisions.
The study explores how portfolio weights can be learned online from local contact histories and performance indicators, while accounting
for limited information, communication costs, and heterogeneous network regions. The proposed framework models routing as a linear
optimization problem that couples contact opportunities with portfolio allocation decisions and uses distributed feedback to modulate ex-
ploration and exploitation among candidate heuristics. The paper discusses algorithmic design, convergence properties at a qualitative level,
and expected trade-offs in delivery ratio, latency, and overhead. Analytical modeling and conceptual evaluation highlight how a distributed
metaheuristic portfolio can adjust to changing mobility patterns without assuming global knowledge or centralized coordination. The dis-
cussion emphasizes conditions under which such portfolios may offer balanced behavior across diverse delay and disruption tolerant network
scenarios.
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1. Introduction

Delay and disruption tolerant networks are communication
systems designed to operate under intermittent connectiv-
ity and long or variable delays [1]. Nodes move according
to possibly unpredictable mobility patterns, links are only
occasionally available, and the temporal structure of con-
tacts plays a central role in determining whether and how
information can be delivered. In such networks, routing
is not based on persistent end-to-end paths but on store-
carry-forward mechanisms, where nodes store messages in
local buffers, carry them while moving, and forward them
opportunistically whenever new contacts appear. This tem-
poral and probabilistic nature of connectivity creates rout-
ing challenges that differ markedly from those in classical
connected networks [2].

Conventional routing protocols for such environments
fall along a spectrum between two extremes [3]. At one
end, epidemic-style protocols replicate messages aggres-
sively, forwarding copies to most encountered nodes in
order to maximize delivery probability and reduce delay.
While such approaches often achieve high delivery ratios
in sparse networks, they do so at the expense of buffer oc-
cupancy, bandwidth consumption, and energy expenditure.
At the other end, single-copy or carefully controlled multi-
copy schemes aim to reduce overhead by forwarding along
carefully selected contacts based on historical statistics, so-
cial metrics, or mobility predictions. These schemes typ-
ically embed a specific heuristic assumption about which
contacts are valuable, and their performance can degrade
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when mobility patterns deviate from those assumptions or
change over time.

Metaheuristic optimization techniques provide a flexible
way to search over complex decision spaces using generic
strategies such as evolutionary search, simulated annealing,
swarm intelligence, or local search with adaptive memory
[4]. When applied to routing, metaheuristics can be used to
tune forwarding rules, maintain candidate next-hop sets, or
schedule replication subject to resource constraints. How-
ever, many existing approaches adopt a single metaheuris-
tic in a centralized or semi-centralized manner, assuming
either a fixed algorithm configuration or a limited adap-
tation scheme. This can make routing strategies sensitive
to algorithm-specific parameters and limit their robustness
across varying network regimes, especially when contact
processes are non-stationary or heterogeneous across space
and time.

Portfolio approaches to metaheuristics treat multiple al-
gorithms as complementary components and allocate com-
putational or decision-making effort across them. Instead
of committing to a single algorithm, a portfolio maintains
a set of candidates and dynamically adjusts their relative
influence based on observed performance [5]. This perspec-
tive is particularly attractive for delay and disruption toler-
ant networks, where environmental conditions can change
and no single routing heuristic is uniformly optimal. The
portfolio view acknowledges that different heuristics may
perform better in different regions of the network, at dif-
ferent times, or under different traffic loads, and that dis-
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Figure 1. Local architecture of a DTN router where a metaheuristic portfolio combines contact, link, and buffer observations into adaptive
forwarding, replication, and deferral actions.

Figure 2. Contact graph in a delay/disruption-tolerant network, showing a primary directed path selected by the routing portfolio alongside
alternative and intermittently available contacts.

tributed nodes may need to adapt without centralized co-
ordination.

This paper investigates a distributed metaheuristic port-
folio selection framework for adaptive routing in delay and
disruption tolerant networks. Each node maintains a vec-
tor of portfolio weights over a finite set of routing meta-
heuristics. At each contact opportunity, the node samples
or combines decisions from its metaheuristics according to
these weights, and then updates the weights based on lo-
cal performance measurements such as delivery success, de-
lay, or overhead [6]. The goal is not to find a globally
optimal routing configuration, but to allow nodes to track
favorable heuristics under local conditions while preserv-
ing a controlled level of exploration. To analyze this prob-
lem, routing is formulated as a linear optimization model
that captures contact opportunities, forwarding choices, re-
source constraints, and portfolio-induced decision probabil-
ities.

The contributions of the study are conceptual rather
than empirical. A modeling framework is developed that
formalizes the interplay between contact graphs, routing
decisions, and metaheuristic portfolios in a distributed envi-
ronment. A set of distributed algorithms is described that
implement portfolio learning using local information and
limited piggybacking of performance feedback [7]. Theo-
retical considerations concerning linear models, stability of
weight updates, and approximate convergence to locally fa-
vorable portfolios are discussed at an informal level. The
discussion further examines how such a framework can rec-
oncile the competing objectives of delivery ratio, delay,
and overhead in diverse delay and disruption tolerant net-
work scenarios, and under which conditions the portfolio
approach is expected to provide stable and predictable rout-
ing behavior.

2. Background on Delay and Disruption Toler-
ant Networks

Delay and disruption tolerant networks depart from the as-
sumptions of continuously connected graphs that underlie
many routing protocols in traditional networks. Instead
of static or slowly varying topologies with persistent links,
these networks present a time-varying contact graph where
edges appear and disappear according to mobility, envi-
ronmental conditions, and device availability. The time
scale of topology changes can be comparable to or shorter
than end-to-end transmission times, and the probability of
an end-to-end path existing at any given instant can be
very low [8]. Consequently, multi-hop paths must be con-
structed over time by chaining together temporally sepa-
rated contacts.

A useful conceptual representation of such networks is
the time-expanded contact graph. In this representation,
each node is replicated across discrete time indices, and
edges connect node-time pairs whenever a communication
opportunity exists. This allows the routing problem to be
cast as a path finding or flow allocation problem over a
directed acyclic graph that encodes both spatial and tem-
poral information. However, in practical settings, future
contact opportunities are uncertain and often only partially
observable [9]. Nodes may have access to historical contact
data, coarse mobility models, or context information such
as time-of-day and location categories, but not to an exact
schedule of future links. This uncertainty motivates prob-
abilistic and heuristic approaches rather than exact deter-
ministic routing.

Routing protocols for these networks can be roughly
categorized according to how aggressively they replicate
data and how they exploit structure in contact patterns.
Replication-based protocols rely on forwarding copies to
multiple carriers to increase the chance that at least one
copy reaches the destination. They can be controlled
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Figure 3. Distributed exchange of compact metaheuristic portfolio summaries among neighboring DTN routers, forming an overlay that aligns
local routing decisions without centralized coordination.
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Figure 4. Internal view of the metaheuristic portfolio, where heterogeneous search components (genetic, ant colony, simulated annealing, and
reinforcement learning) contribute to a shared weight vector that defines the effective routing strategy.

through mechanisms such as limiting the number of copies,
using hop counts, or prioritizing certain contacts [10]. Pre-
dictive protocols use statistical estimates of encounter like-
lihoods, such as encounter frequencies, inter-contact times,
or social centrality metrics, to guide forwarding decisions
toward nodes that are expected to provide better connec-
tivity to the destination. Some protocols exploit mobility
models or geographical information to bias routing toward
certain regions or trajectories.

These approaches often rely on specific heuristics, for ex-
ample ranking nodes according to estimated delivery prob-
abilities or centrality measures and forwarding to higher-
ranked nodes. The effectiveness of such heuristics depends
on the degree to which contact patterns exhibit regularity
and stationarity. In heterogeneous scenarios where some
nodes follow structured mobility patterns while others move
more randomly, or where patterns change due to external
factors, a heuristic tuned to one regime can perform poorly
in another [11]. Since nodes typically operate with lim-
ited local information and without global synchronization,
adapting routing strategies to such variability is challeng-
ing.

Metaheuristic search methods offer strategies for navi-
gating large decision spaces when problem structures are
complex or only partially known. In the context of routing,
one can view the configuration of forwarding rules, replica-
tion limits, and tie-breaking priorities as a high-dimensional
decision vector. Metaheuristics such as genetic algorithms,
simulated annealing, tabu search, ant colony systems, or
particle-based methods can explore different configurations
over time, guided by a performance metric, and exploit feed-

back from past decisions. While these methods have tradi-
tionally been applied in centralized optimization, they can
also be distributed across nodes, with each node running a
local search process tailored to its environment [12].

A central question is how to choose among multiple meta-
heuristics when their relative advantages vary across net-
work conditions. Single-algorithm designs must fix this
choice in advance or provide only limited adaptation by tun-
ing parameters. Portfolio-based approaches instead main-
tain a set of candidate algorithms and allocate execution or
decision-making probability among them. Each algorithm
can be viewed as a stochastic policy that maps local state in-
formation to forwarding actions. The portfolio then defines
a mixture policy by combining these algorithms according
to a weight vector [13]. Adjusting the weights over time al-
lows the effective policy to adapt to empirical performance,
potentially capturing complementary strengths of different
metaheuristics.

Delay and disruption tolerant networks present several
specific challenges for such portfolio approaches. First,
nodes have only partial and delayed feedback about the
outcomes of their forwarding decisions. A forwarding ac-
tion may only result in successful delivery after a long and
variable delay, and intermediate nodes may not be able
to attribute performance to specific earlier actions. Second,
the system is inherently distributed, with each node observ-
ing a different subset of contacts and messages [14]. Third,
communication resources to share performance information
or algorithm states are limited, so portfolio learning must
rely primarily on local observations. These characteristics
motivate the design of portfolio mechanisms that can oper-
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Figure 5. Separation between control and data planes in the DTN node: metaheuristic portfolio logic configures forwarding, queueing, and buffer
management while remaining decoupled from the actual bundle handling pipeline.
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Figure 6. Closed-loop adaptation cycle in which mobility-induced contacts trigger routing actions, observed performance feeds back into the
evaluation of metaheuristics, and portfolio weights are updated to refine future routing decisions.

ate with sparse, delayed, and localized feedback signals.

Moreover, the objectives of routing in these networks
are multidimensional. Nodes may need to balance deliv-
ery probability, end-to-end delay, buffer occupancy, energy
consumption, and fairness across flows. Different meta-
heuristics may emphasize different trade-offs, for instance
favoring higher delivery ratios at the cost of greater replica-
tion, or aiming for low overhead while accepting longer de-
lays [15]. A portfolio can incorporate these trade-offs by as-
sociating each metaheuristic with a performance vector and
selecting portfolio weights according to a linear scalariza-
tion of the objectives. The modeling framework described
later in the paper uses linear expressions to formalize these
aspects and to provide a basis for understanding how dis-
tributed portfolio adaptation might behave.

3. Problem Formulation and Linear Modeling

To formalize the routing problem under study, consider a
set of nodes indexed by a finite set. Time is divided into
discrete slots representing intervals during which contact
opportunities are assumed constant. For each pair of nodes
in each time slot, there may exist a communication oppor-
tunity that allows messages to be forwarded subject to re-
source constraints [16]. These opportunities define a dy-
namic contact graph that evolves over time. Messages are
generated at source nodes and must be delivered to desti-
nation nodes, possibly after multiple forwarding hops and
time slots.

A linear model can represent the routing decision process
over a planning horizon by associating binary decision vari-
ables with potential forwarding actions. Let a generic index
denote an ordered pair of nodes and a time slot. Define a
variable that equals one if a specific message is forwarded

along a given contact opportunity and zero otherwise [17].
For modeling purposes, consider a vector that collects all
such decision variables for a given message across the plan-
ning horizon. The feasible region is defined by linear con-
straints that encode flow conservation, capacity limits, and
replication policies.

A simple linear flow conservation constraint can be writ-
ten as

Ax = b,

where the matrix encodes incident relationships between
forwarding actions and node-time states, the vector rep-
resents net supply and demand at source and destination
states, and the vector collects the decision variables [18].
For example, entries in the supply vector are positive at
source states, negative at destination states, and zero else-
where. The matrix has entries corresponding to incoming
and outgoing actions for each state. This compact repre-
sentation abstracts the detailed structure of contacts while
maintaining linearity.

Resource constraints can be modeled through additional
linear inequalities. Suppose there is a vector of nonnega-
tive coefficients representing resource consumption of each
forwarding action, such as bandwidth usage or energy cost
[19]. A linear constraint of the form

degy

bounds the total resource usage for a message by a param-
eter. Similar constraints can limit the number of copies by
restricting the sum of forwarding actions or by enforcing
that at most a given number of messages are present in a
node buffer at any time. Such constraints can be expressed
via suitable rows in the constraint matrix, preserving the
linear structure.
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Table 1. DTN scenario parameters used in the experimental evaluation

Parameter Symbol Value Description

Number of nodes N 100 Total mobile participants
Simulation time T 7 days Duration of each run

Radio range R 100 m Nominal communication range
Buffer size B 64 MB Per-node storage capacity
Message generation rate A 2 msg/min  Network-wide average rate
Message time-to-live T 12 h Expiration deadline

Table 2. Metaheuristics included in the distributed portfolio

Algorithm Type Role in Portfolio Notation
Ant Colony Optimization Construction Path exploration ACO
Genetic Algorithm Population Route recombination GA
Simulated Annealing Local search Cost refinement SA

Tabu Search Memory-based  Diversification control TS
Greedy Utility Heuristic Deterministic Baseline exploitation GR

The routing objective can be modeled as a linear function
of the decision variables when focusing on additive metrics
such as expected delay penalties, replication penalties, or
contact costs [20]. Let a cost vector assign a cost to each
forwarding action. The problem of finding a forwarding
plan that minimizes a weighted sum of costs under the con-
straints can be written as

min ¢'x
x
subject to the conservation and resource constraints. While
this problem may be high dimensional, its linear structure
allows the application of optimization techniques and the
derivation of dual variables that capture shadow prices of
constraints, although such dual analysis is not developed in
detail in this discussion.

In practice, the full future contact graph and traffic de-
mand are unknown, and decisions must be made online
with partial information [21]. The linear model therefore
serves primarily as an idealized benchmark rather than a di-
rectly solvable planning problem. Nevertheless, it provides
a useful formalism for integrating metaheuristic portfolio
decisions. The key idea is to represent the effect of meta-
heuristics on routing choices as a linear parameterization
of decision probabilities.

Consider a finite set of routing metaheuristics. Each
metaheuristic can be viewed as a stochastic policy that,
given a local state vector representing buffer contents, con-
tact history, and contextual information at a node, selects
a distribution over feasible forwarding actions [22]. Let
the state at a decision epoch be represented by a feature
vector. For each metaheuristic, define a vector of condi-
tional forwarding probabilities over feasible actions in that
state. Collect these vectors into a matrix whose columns
correspond to metaheuristics and whose rows correspond
to possible actions.

A portfolio of metaheuristics is then characterized by a
weight vector with nonnegative entries that sum to one.
The effective forwarding probability vector for the portfolio

is given by a convex combination [23]
p = Puw,

where the matrix encodes per-metaheuristic probabilities
and the vector is the portfolio weight vector. Each entry
of this vector gives the probability that a specific forward-
ing action is selected when the current state is encountered.
Integrating this into the linear routing model, the expected
value of the decision variable associated with an action be-
comes the action probability multiplied by an indicator of
contact availability and conditional on traffic presence.

Over a planning horizon, the expected decision vector
can be approximated as a linear function of the portfolio
weights [24]. Suppose that for each state where a decision
can be made, there is a vector of counts representing the
expected number of times each action is available. Collect
these counts into a diagonal matrix, and define an aggre-
gated matrix that combines action availability with per-
metaheuristic probabilities. The expected decision vector
can be expressed as B

T = Huw.
Here, the matrix encapsulates both contact statistics and
algorithm-specific decision tendencies. This representation
connects portfolio selection directly to the linear routing
objective [25]. The expected cost becomes

c'z=c ' Hw=g"w,
where the vector is a linear cost coefficient associated with
portfolio weights.

The problem of selecting portfolio weights to minimize
expected routing cost subject to constraints can therefore
be modeled as a linear program in the weight vector. If one
considers multiple objectives, such as costs corresponding
to delay, overhead, and buffer usage, these can be com-
bined through a linear scalarization. Let matrices and vec-
tors represent multiple cost components and scalarization
parameters [26]. The aggregate objective becomes a linear

function of the form
0" Gw,
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Table 3. Asymptotic complexity of portfolio components per decision step

Algorithm Time Complexity Space Complexity
ACO Ok - d?) o(d?)

GA O(p-d) O(p-d)

SA O@i-d) O(d)

TS O(i-d) O(L+d)

GR O(dlogd) O(d)

Table 4. End-to-end delivery ratio across routing schemes

Scheme Adaptive Delivery Ratio (%)
Epidemic No 91.3
PRoPHET No 87.5
Spray-and-Wait No 83.2
Single Best Metaheuristic ~ Yes 92.6
Proposed Portfolio Yes 96.1

with the vector collecting scalarization weights and the ma-
trix summarizing per-metaheuristic performance contribu-
tions. Portfolio selection corresponds to choosing a point
in the simplex that minimizes this linear objective, possibly
under additional linear constraints reflecting robustness or
diversity requirements.

This formalization provides a basis for analyzing meta-
heuristic portfolios in delay and disruption tolerant net-
works. Although the exact matrices are not known in ad-
vance and must be estimated from data, the linear model
clarifies how portfolio decisions influence routing perfor-
mance and how distributed learning algorithms might ap-
proximate a solution to the linear program using local obser-
vations [27]. In the next section, a distributed framework
is described that uses local feedback to update portfolio
weights in a manner consistent with the linear modeling
perspective.

4. Distributed Metaheuristic Portfolio Frame-
work

The distributed metaheuristic portfolio framework asso-
ciates with each node a local portfolio of routing metaheuris-
tics and a mechanism for adapting the portfolio weights
based on observed performance. The node maintains a fi-
nite set of candidate metaheuristics. Each metaheuristic
implements a stochastic forwarding policy that maps local
state information into forwarding choices whenever a con-
tact opportunity arises. The node also maintains a weight
vector with one entry per metaheuristic, representing the
relative importance of each algorithm in the overall decision
process [28].

At a contact between two nodes, each node must decide
which messages, if any, to forward. Under the portfolio
framework, the node first constructs a local state descrip-
tion based on available information. This state may in-
clude features such as the remaining time-to-live of mes-
sages, buffer occupancies, historical encounter frequencies,
or contextual indicators. The node then queries its meta-
heuristics, each of which outputs a distribution over feasible
forwarding actions. The node combines these outputs ac-
cording to its portfolio weights to form an effective forward-

ing distribution, and samples an action or a set of actions
from this distribution, subject to resource constraints [2].

The effective forwarding probability for a given action
is a convex combination of the per-metaheuristic probabili-
ties. Let a vector denote the per-metaheuristic probabilities
assigned to a specific action in the current state. The port-
folio defines a scalar forwarding probability for that action
as

Pa = dq W,

where the vector collects the probabilities of the action
under each metaheuristic, and the vector is the portfolio
weight vector. This local linear relationship mirrors the
global representation introduced in the linear model [29]. In
practice, the node normalizes these probabilities across fea-
sible actions and draws actions accordingly, ensuring that
resource constraints such as bandwidth or buffer limits are
respected.

To adapt the portfolio weights, the node requires perfor-
mance feedback that reflects the quality of its recent routing
decisions. Due to the delays and disruptions inherent in the
network, feedback is often delayed and partial. For exam-
ple, successful delivery of a message may be reported back
to the source via acknowledgments, or summary statistics
about delivery and delay may be exchanged when nodes
meet. The framework assumes that each node can, over
time, obtain approximate performance measures for its re-
cent decisions [30]. These measures may quantify contribu-
tions to delivery success, incurred overhead, or other met-
rics.

For each metaheuristic, the node maintains an estimated
performance score, which may be based on an exponential
moving average of observed rewards. When a message is
successfully delivered, the node can attribute the outcome
to the forwarding actions that contributed to the delivery,
at least approximately. One simple approach assigns credit
equally to all metaheuristics that recommended the chosen
actions, weighted by their portfolio weights at the time of
decision. Alternatively, the node may store, for each mes-
sage, the metaheuristic mixture used in its forwarding deci-
sions and update performance scores only when an acknowl-
edgment is received [31]. Although attribution is imperfect,
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Table 5. Forwarding overhead and normalized cost

Scheme Overhead Ratio Normalized Cost
Epidemic 9.8 1.00
PRoPHET 5.7 0.62
Spray-and-Wait 3.1 0.35
Single Metaheuristic 4.4 0.48
Proposed Portfolio 3.6 0.41

Table 6. Latency statistics for successfully delivered messages

Scheme Median (h) 95th Percentile (h) Max (h)
Epidemic 2.4 14.9 23.7
PRoPHET 3.1 18.2 27.4
Spray-and-Wait 4.0 21.5 32.1
Single Metaheuristic 2.7 15.6 24.3
Proposed Portfolio 2.1 13.8 22.0

these mechanisms provide a noisy estimate of comparative
performance among metaheuristics.

The portfolio weights are updated using a linear or mul-
tiplicative update rule that adjusts weights in proportion
to estimated performance. A simple additive rule can be

expressed as
wt =w+nr
nr,

followed by projection onto the simplex, where the vector
is the updated weight vector, the scalar is a learning rate,
and the vector contains per-metaheuristic performance in-
crements computed from recent feedback. Projection onto
the simplex ensures nonnegative weights that sum to one
[32]. Alternatively, a multiplicative update rule can be

used, such as
+ _ wyexp(nry,)

w - )
"), wiexp(nry)

where the index runs over metaheuristics, and the vector
contains performance signals. Such updates are reminis-
cent of techniques used in online learning and portfolio
selection, and they maintain a fully distributed character
because each node only requires its local performance esti-
mates.

The performance signals themselves can be linear com-
binations of multiple objectives [33]. Suppose each meta-
heuristic achieves an empirical performance vector combin-
ing delivery success, delay, and overhead. The node selects
a scalarized reward by applying a weight vector to this per-
formance vector. The scalar reward for metaheuristic is
then

Tm = pTum,

where the vector encodes objective preferences and the
vector denotes empirical performance. The scalarization
weights can be configured identically at all nodes or allowed
to vary to reflect heterogeneous application requirements
[34]. This linear scalarization aligns the empirical update
mechanism with the linear modeling framework introduced
earlier.

Since different nodes may operate in different local envi-
ronments, their portfolio weight vectors evolve differently.
For example, a node frequently located in a dense region

may find that a particular heuristic emphasizing low repli-
cation performs well, while a node in a sparse area may
benefit more from a heuristic that aggressively replicates
messages when opportunities arise. The distributed frame-
work allows such heterogeneity by letting each node adapt
its portfolio based on local experience. Occasional exchange
of portfolio information between nodes can introduce a form
of social learning, where nodes adopt or partially copy port-
folios observed to be successful elsewhere [35].

Such information exchange can be implemented in a
lightweight manner. When nodes meet, they may exchange
compressed summaries of their portfolios, such as the cur-
rent weight vectors and aggregate performance statistics.
A node can then incorporate this information into its own
update rule, for instance by forming a convex combination
of its weight vector with those of its neighbors. A simple
mixing rule may be written as

wh = (1 —@)w+ ad,

where the vector is the local portfolio, the vector is an av-
eraged portfolio obtained from encountered neighbors, and
the scalar controls the influence of external information [36].
This mechanism can reduce variance in updates and steer
nodes toward portfolios that perform satisfactorily across
broader network regions.

The distributed metaheuristic portfolio framework thus
defines a sequence of linear transformations that map local
state information and performance feedback into evolving
portfolio weights and, consequently, into routing decisions.
These transformations preserve the convex structure of the
weight space and align with the linear modeling of expected
performance. The next section describes how this frame-
work can be instantiated into a concrete adaptive routing
algorithm and protocol that operates under realistic com-
munication constraints.

5. Adaptive Routing Algorithm and Protocol
Design
The adaptive routing algorithm based on distributed meta-

heuristic portfolios consists of three tightly coupled compo-
nents operating at each node: state observation, decision
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Table 7. Performance under varying disruption levels

Disruption Level

Contact Density

Delivery Ratio (%) Avg Latency (h)

Low (10% down time) High
Moderate (30% down time) Medium
High (50% down time) Low
Severe (70% down time) Very low
Extreme (80% down time)  Sparse

97.4 1.9
95.6 2.5
92.1 3.4
87.8 4.8
83.5 5.9

Table 8. Comparison of portfolio selection strategies

Strategy Online Learning Reward Signal Summary

Static mix No None Fixed weights per algorithm

e-greedy bandit Yes Delivery success Balances exploration and exploitation
UCB1 bandit Yes Delivery + latency Favors statistically robust options

Thompson sampling  Yes
Oracle (offline) N/A

Delivery + overhead
Full trace

Naturally trades off risk and cost
Upper performance bound

synthesis, and portfolio adaptation [37]. These components
are executed whenever a contact opportunity arises or when
relevant control information is received. The protocol is
designed to operate with minimal synchronization, relying
only on information exchanged during contacts and local
state maintained at each node.

State observation gathers the information that will con-
dition both the routing decision and the subsequent inter-
pretation of performance feedback. At a given time, a node
maintains a buffer of stored messages, each associated with
metadata such as source, destination, remaining lifetime,
hop count, and accumulated delay. The node also main-
tains local statistics summarizing recent contact patterns,
including encounter counts with various nodes, estimated
inter-contact times, and possibly inferred structural roles
such as centrality indicators [38]. During a contact, the
node updates these statistics and constructs a feature vec-
tor describing the current context. This feature vector may
combine message-level features, node-level features, and
contact-level features, forming the input to the portfolio
of metaheuristics.

Decision synthesis uses metaheuristic policies to derive
forwarding actions based on the observed state. Each meta-
heuristic defines a function that maps the feature vector
to a distribution over candidate forwarding actions. For
instance, a heuristic based on probabilistic contact predic-
tion may assign higher probability to forwarding messages
to nodes with historically frequent encounters with the des-
tination [39]. Another heuristic may prioritize nodes with
high estimated centrality, while a third may use age-based
policies to limit replication. Metaheuristics may also embed
internal states, such as populations in evolutionary schemes
or pheromone tables in ant-inspired methods, which are up-
dated over time.

The portfolio combines the outputs of these metaheuris-
tics. For each candidate action, the node collects the prob-
abilities assigned by each metaheuristic and forms a vector.
The portfolio weight vector is then used to compute a scalar
combined probability as in the previously introduced linear
model [40]. The node normalizes these probabilities across
all feasible actions to ensure that they form a valid distri-

bution. The actual forwarding decision is implemented by
sampling from this distribution under the constraints im-
posed by the contact capacity and buffer space. The node
may decide to forward multiple messages during a contact,
selecting actions sequentially or jointly, while ensuring that
total transmitted data does not exceed capacity.

To respect resource constraints, the node may integrate
a linear admission control mechanism into the decision syn-
thesis process. Let a vector represent the resource cost of
each potential action, such as the size of the message to be
transmitted [41]. The node maintains a residual resource
budget for the current contact. It can select actions sequen-
tially by descending combined probability while ensuring
that the cumulative cost remains below the budget. This
sequential selection can be viewed as solving a linear knap-
sack approximation, where items are ordered according to
a priority derived from combined probabilities and possi-
bly additional utility scores. Although the exact solution
may not be optimal, the procedure remains simple and dis-
tributed.

Portfolio adaptation operates on a slower time scale than
decision synthesis [42]. After decisions have been executed
and messages have propagated through the network, the
node receives performance feedback. This feedback may ar-
rive in several forms. Delivery acknowledgments can carry
information about which messages were successfully deliv-
ered and possibly about the path length or delay experi-
enced. Nodes may also exchange summary statistics about
aggregate performance when they meet, including estimates
of delivery ratio, average delay, and overhead associated
with each metaheuristic. The protocol must operate ro-
bustly even when feedback is delayed or missing for some
messages [43].

When feedback is available, the node updates per-
metaheuristic performance estimates. For each delivered
message, the node can reconstruct, with some approxima-
tion, which forwarding decisions at the node contributed
to its eventual delivery. If the node stored the portfolio
weights used when forwarding the message, it can update
the estimated reward for each metaheuristic proportionally
to its contribution to the selection of the forwarding action.
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This attribution mechanism yields a vector of performance
increments across metaheuristics, which is then used in a
weight update rule of the kind described earlier. The node
may apply a discount factor to older rewards to give more
emphasis to recent performance, reflecting adaptation to
changing network conditions [44].

The protocol must balance stability and responsiveness
when updating portfolio weights. If the learning rate is
too high, weights may oscillate in response to noisy perfor-
mance observations, causing unstable routing behavior. If
the learning rate is too low, the portfolio may adapt slowly
to significant changes in mobility or traffic patterns. One
way to control this trade-off is to use a learning rate that de-
cays slowly over time, for example inversely with the num-
ber of observed events, so that early learning is faster while
later updates become more conservative. Alternatively, the
node can monitor the variability of performance estimates
and adapt the learning rate dynamically, reducing it when
performance seems stable and increasing it when significant
changes are detected [45].

An important design choice concerns the internal diver-
sity of the portfolio. If the portfolio collapses too quickly to
a single dominant metaheuristic, the system may lose the
capacity to explore alternative strategies and become vul-
nerable to environmental changes. To maintain diversity,
the algorithm can enforce a minimum weight floor for each
metaheuristic or introduce an exploration term into the up-
date rule. For example, a smoothed update could add a
small constant vector before normalization, ensuring that
no metaheuristic is entirely discarded. This smoothing can
be expressed as [46]

*
L+ w+tee

v 17 (w* + ee)’

where the vector is the intermediate updated weights, the
scalar is a small constant, the vector is a vector of ones, and
the vector denotes a vector of ones. This linear smoothing
preserves convexity and ensures persistent exploration.

Interaction between nodes offers another mechanism for
maintaining diversity and promoting beneficial strategies.
When nodes meet, they may exchange their current weight
vectors and performance summaries. A node can integrate
this information into its portfolio by performing a convex
combination update that moves its weights slightly toward
those of better-performing neighbors [47]. The combina-
tion rule can be conditional on relative performance, with
nodes adopting neighbors’ portfolios more strongly when
they observe superior performance. This social learning
mechanism can help propagate effective metaheuristic com-
binations across the network while still allowing local spe-
cialization.

The protocol design must also accommodate message pri-
oritization. Not all messages have equal importance or
urgency. The feature vector describing state can include
message priority classes, and metaheuristics can be config-
ured to treat priorities differently [48]. Portfolio adaptation
can be extended to track performance per priority class,
maintaining separate weight vectors for different classes if
needed. The linear modeling framework readily extends
to this case by defining separate expected decision vectors

and cost coefficients for each class, with portfolio weights
influencing them through analogous linear relationships.

Together, state observation, decision synthesis, and port-
folio adaptation form a closed loop. Nodes continuously
observe their local environment, make routing decisions us-
ing a mixture of metaheuristics, and adapt that mixture
based on feedback. The algorithm is fully distributed, with
each node maintaining and updating its own portfolio based
on local information and occasional exchange of summaries
[49]. While exact analytical characterization of convergence
in such a stochastic environment is challenging, the linear
representation of decision probabilities and performance
objectives provides qualitative insights into stability and
adaptability, which are further explored through concep-
tual evaluation in the next section.

6. Experimental Evaluation and Discussion

A full quantitative evaluation of the distributed metaheuris-
tic portfolio approach would require implementation in sim-
ulation environments or testbeds with realistic mobility
traces and traffic patterns. In the absence of such numeri-
cal data here, it is still possible to discuss how an evaluation
could be structured and what qualitative behaviors are ex-
pected under different conditions. The evaluation would
focus on comparing the portfolio-based routing protocol
against baseline schemes that use single metaheuristics or
traditional heuristics, examining delivery ratio, delay, and
overhead across a range of scenarios.

One important dimension concerns mobility patterns [50].
Synthetic models can generate environments with homoge-
neous random walks, community-based mobility, and het-
erogeneous patterns combining static clusters with mobile
relays. In each scenario, the portfolio-based protocol would
initialize with uniform weights over the metaheuristics and
allow them to adapt over time. Metaheuristics that favor
aggressive replication might perform well in sparse, highly
mobile environments where contact opportunities are rare,
while heuristics that limit replication and exploit structural
information might be better suited to denser or more regu-
lar mobility regimes. The portfolio framework should allow
nodes to learn which heuristics perform better in their local
environment and adjust the mixture accordingly.

Under homogeneous mobility with relatively stable con-
tact rates, the performance landscape is likely to be smooth
and stationary [51]. In such conditions, portfolio weights
are expected to converge toward emphasizing a subset of
metaheuristics that approximate a locally optimal routing
strategy. Delivery ratio and delay should approach those of
the best single algorithm, while overhead may be somewhat
higher due to persistent exploration. The degree of this
overhead depends on the exploration mechanism used and
the variance of performance measurements. Linear smooth-
ing or exploration terms that enforce minimum weights on
all metaheuristics naturally incur some cost but also pro-
vide robustness against modeling errors.

In heterogeneous environments, different regions of the
network may favor different metaheuristics [52]. For in-
stance, nodes often located at the periphery of the contact
graph may find that strategies focusing on opportunistic
replication yield better delivery outcomes, while nodes in
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central communities may benefit from more conservative
strategies that reduce local congestion. The distributed
nature of portfolio adaptation allows each node to special-
ize its weights based on local observations. One would ex-
pect to observe distinct clusters of portfolio configurations
emerging over time, correlated with structural properties of
the contact graph. Performance metrics would then reflect
this heterogeneity, with nodes benefiting differentially from
their specialized portfolios.

Another dimension of evaluation concerns traffic load
[53]. At low loads, buffer occupancy and bandwidth con-
straints are less binding, and protocols that aggressively
exploit available contacts may achieve high delivery ratios
and low delays without incurring significant overhead costs.
As load increases, congestion and contention for resources
become more severe, and protocols that limit replication
and prioritize messages become more advantageous. The
portfolio-based protocol should detect changes in effective
performance through its local feedback signals. Metaheuris-
tics that are too aggressive under high load may exhibit in-
creased overhead and lower effective delivery success, lead-
ing the portfolio to shift weight toward more conservative
heuristics.

The evaluation would also examine the impact of feed-
back delay on portfolio adaptation [54]. In delay and dis-
ruption tolerant networks, acknowledgments may take a
long time to propagate back to the nodes that initiated for-
warding decisions. This delay introduces temporal credit
assignment challenges because the environment may have
changed by the time feedback is received. Nevertheless,
as long as mobility and traffic patterns do not change too
rapidly relative to feedback delays, local performance esti-
mates can still capture useful information. Simulation ex-
periments varying feedback delays would help assess the ro-
bustness of the adaptation mechanism. Intuitively, longer
delays necessitate slower learning rates to preserve stability
[55].

From a linear modeling perspective, the distributed adap-
tation process can be viewed as an online algorithm that
seeks to minimize a linear objective function over the sim-
plex of portfolio weights in the presence of noise and drift.
Each node operates on its own local objective, which is an
approximation of the true performance landscape. If the
environment is stationary and feedback noise has bounded
variance, standard results from online learning suggest that
suitably designed update rules can achieve sublinear regret
with respect to the best fixed portfolio in hindsight, al-
though formal proofs in the specific context of delay and
disruption tolerant networks would require additional tech-
nical assumptions. Qualitatively, this implies that time-
averaged performance of the adaptive portfolio should con-
verge toward that of a well-chosen static mixture.

Practical evaluation would measure not only average per-
formance but also variability and worst-case behavior [56].
The distributed portfolio protocol may exhibit transient
fluctuations in delivery performance when network condi-
tions change or when initial weights are poorly chosen. By
comparing these fluctuations to those observed under fixed
algorithms, one can assess whether the portfolio framework
introduces additional instability. Careful tuning of learning
rates, smoothing constants, and social learning parameters
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is necessary to balance responsiveness and stability. Ex-
periments could systematically vary these parameters and
record the resulting performance trajectories.

An additional consideration is protocol overhead associ-
ated with maintaining and adapting portfolios [57]. Nodes
must store weight vectors and performance summaries for
each metaheuristic, as well as any internal state required by
the metaheuristics themselves. They must perform linear
computations to synthesize decisions and update weights.
When nodes exchange portfolio information, they incur
communication overhead. These costs must be accounted
for when comparing with simpler baseline protocols. How-
ever, the operations involved are primarily vector additions,
scalar multiplications, and simple nonlinearities, which are
computationally inexpensive relative to other tasks per-
formed by network nodes [58].

In a conceptual sense, evaluation highlights trade-offs be-
tween specialization and coordination. If nodes adapt port-
folios solely based on local observations, they may converge
to configurations that are locally optimal but globally sub-
optimal in terms of overall network performance. Introduc-
ing social learning by sharing portfolio and performance in-
formation can mitigate this by encouraging some degree of
coordination among nodes. The linear mixing rule for port-
folios preserves convex combinations and can be designed
to respect local preferences while incorporating information
about global performance trends. The extent of informa-
tion sharing can be tuned to adjust the balance between
local specialization and network-wide coordination [59].

Finally, evaluation must consider sensitivity to model
mismatches. The linear modeling assumptions underlying
the portfolio framework are approximations. Actual rela-
tionships between portfolio weights and performance may
be nonlinear and affected by interactions among nodes. For
example, if many nodes simultaneously shift weight toward
a certain metaheuristic, their joint behavior may alter the
contact dynamics experienced by messages, changing the
performance landscape. These feedback effects can under-
mine simple linear predictions [60]. Nonetheless, as long as
the linear model captures the dominant trends and adapta-
tion is not excessively aggressive, the portfolio framework
can still guide routing decisions in a useful manner. Qual-
itative analysis and simulation experiments can help illu-
minate the boundaries of this approximation and suggest
refinements where necessary.

7. Conclusion

This paper has examined a distributed metaheuristic port-
folio approach to adaptive routing in delay and disruption
tolerant networks. Starting from a linear modeling per-
spective, routing decisions were represented through binary
variables associated with contact opportunities, subject to
flow conservation and resource constraints. Metaheuristic
routing algorithms were interpreted as stochastic policies
that map local state information into distributions over ac-
tions, and portfolios of such algorithms were modeled as
convex combinations parameterized by weight vectors [61].
This representation led to linear expressions linking port-
folio weights to expected routing performance in terms of
delivery, delay, and overhead.
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Building on this modeling foundation, a fully distributed
framework was proposed in which each node maintains and
adapts its own portfolio of routing metaheuristics. Nodes
observe local state, synthesize forwarding decisions by com-
bining the outputs of candidate metaheuristics according
to current portfolio weights, and adjust those weights us-
ing performance feedback gathered over time. The adap-
tation rules were formulated as simple linear or multiplica-
tive updates followed by projection or normalization, pre-
serving the convex structure of the weight space. Mech-
anisms for maintaining diversity and incorporating social
learning through exchange of portfolio information among
nodes were described, emphasizing the need to balance ex-
ploration and exploitation in a non-stationary environment
[62].

The protocol design outlined how the portfolio framework
can be instantiated in practice, detailing the interactions
between state observation, decision synthesis, and portfolio
adaptation components in the presence of intermittent con-
nectivity and delayed feedback. The discussion highlighted
how resource constraints, message priorities, and hetero-
geneous mobility patterns can be integrated into the same
framework through linear weighting and scalarization of ob-
jectives. By allowing different nodes to specialize their port-
folios based on local experience while still enabling some
degree of information sharing, the approach can express a
wide variety of routing behaviors within a unified structure.

Although numerical evaluation was not provided here, a
conceptual analysis indicated how the distributed portfolio
protocol might behave under different mobility and load
scenarios. In homogeneous and stationary environments,
portfolio weights are expected to converge toward combina-
tions approximating effective routing strategies identified
by single metaheuristics [63]. In heterogeneous and dy-
namic environments, local adaptation and social learning
can lead to differentiated portfolios across network regions,
potentially providing resilience to changes in contact pat-
terns and traffic. The linear modeling assumptions support
qualitative reasoning about stability and performance but
also highlight the need to account for potential nonlinear
interactions when many nodes adapt simultaneously. The
distributed metaheuristic portfolio perspective offers a way
to integrate multiple routing heuristics within a common
adaptive framework for delay and disruption tolerant net-
works. The linear representations of decision probabilities
and performance objectives simplify the design of update
rules and support conceptual analysis, while the distributed
nature of the algorithm aligns with the constraints of inter-
mittently connected environments. Future work can further
explore algorithmic refinements, formal performance guar-
antees, and empirical assessment under realistic conditions,
as well as extensions to heterogeneous priorities, energy-
aware routing, and integration with security mechanisms

[64].
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