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Abstract—A key challenge in next-generation networks is
providing intelligent network services to support time-sensitive
applications such as AR/VR and the Internet of Military Things
(IoMT). This work aims to answer the question: “How can we
design a network service scheduling and flow routing scheme
to satisfy the stringent demand and deadline requirements of
tactical network applications?” We take a time-expanded graph-
based approach to this study. Specifically, given a time-expanded
graph constructed from an original network graph, we propose
an optimization problem to find a subset of network services to
maximize their total completion rewards such that the data of
all services in this subset can be transmitted to their destination
nodes by their deadlines. Unfortunately, solving this problem
directly is challenging since it is a mixed-integer program. We
propose a heuristic algorithm based on a sequential rounding
approach where a linear programming (LP) feasibility problem
is iteratively solved to update the network service subset, guided
by a relaxed reward maximization problem that prioritizes high-
reward requests. To further improve efficiency, we fine-tune the
above LP feasibility problem from a static flow perspective,
enabling fast feasibility checks on the original graph, and design
the corresponding efficient heuristic algorithm. The simulation
results demonstrate the trade-off among different approaches and
validate the effectiveness of the proposed algorithms.

1. INTRODUCTION

Next-generation tactical edge networks are expected to support
time-sensitive services such as augmented reality (AR), virtual
reality (VR), and the Internet of Military Things (IoMT)
[4, 7, 8], all of which demand stringent latency and reliability
guarantees. In such environments, network services must be
scheduled and routed promptly and resource-awarely to ensure
end-to-end delivery within hard deadlines. Recent studies have
explored deadline-aware scheduling frameworks to align net-
work operations with service-level deadlines better [1, 3]. Nev-
ertheless, many of these approaches rely on simplified models
that ignore traversal delays, assume single-hop connectivity,
or overlook bandwidth competition among multiple flows,
which limits their applicability. Moreover, the joint problem of
selecting a subset of services and routing them dynamically
through a multi-hop network with time constraints remains
computationally challenging due to its combinatorial nature
and dynamic flow coupling. Motivated by these challenges, in
this paper, we aim to address the following critical question:
“How can we design a dynamic flow routing and scheduling
strategy that selects and fulfills the most valuable network
services under strict deadlines and bandwidth constraints?”

To answer the above question, we propose a novel dynamic
routing and scheduling (DRS) framework based on the time-

expanded graph representation. In this framework, a feasible
offloading strategy of each service is modeled as a dynamic
flow constrained by deadline, demand, and network capacities.
The DRS objective is to maximize the total reward, subject to
various constraints, by admitting the most valuable subset of
services that can be completed on time. We formulate DRS
as a mixed-integer program, and to overcome its computa-
tional intractability, we design a sequential rounding algorithm,
where a linear programming (LP) feasibility problem is iter-
atively solved to update the network service subset, guided
by the solution of the relaxed reward maximization problem.
To further reduce complexity, we refine the LP feasibility
problem from a static flow perspective, enabling fast feasibility
checking using only the original network topology. This leads
to a hybrid rounding algorithm that achieves near-optimal
performance while offering significant runtime reduction. The
main contributions of this paper are the following:

• We introduce a novel dynamic flow routing and schedul-
ing framework for time-critical network services, based
on a time-expanded graph model.

• We formulate the DRS problem as a mixed-integer pro-
gram and develop an LP-based sequential rounding algo-
rithm to address its computational intractability.

• We propose an efficient heuristic based on a static flow
surrogate model to reduce the complexity further.

• We conduct numerical evaluations, demonstrate the trade-
offs among various approaches, and highlight our pro-
posed algorithms’ advantages.

We present the system model in §2 and formulate the DRS
problem in §3. We present an LP-based sequential rounding
algorithm and reduce its complexity in §4 and §5, respectively.
We present evaluation results in §6, introduce related work in
§7, and conclude the paper in §8.

2. SYSTEM MODEL

In this section, we first introduce the model of the network
and transmission requests. We use an example to show the
difficulties in presenting dynamic flow routing and service
scheduling based on an original network graph. Then, we
present a time-expended graph approach to model a dynamic
routing strategy and its throughput.

A. Network Model

We consider a network represented by an undirected graph
G = (V, E), where V is a set of nodes (e.g., routers, edge
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servers, mobile devices), and E ⊆ V×V is a set of communica-
tion links. We assume that the network has |V| = n nodes and
|E| = m links in total. Each link e = (x, y) ∈ E is associated
with a fixed capacity, denoted by c(x, y) > 0, indicating the
maximum amount of data that can be transmitted per time
unit; and a travel delay, denoted by µ(x, y) ∈ Z>0, which is
the number of time units needed to traverse the link.

B. Transmission Request Scheduling and Dynamic Routing

The network accepts multiple data transmission requests from
network users. We assume a global time horizon of T discrete
time slots. Each time slot corresponds to the smallest interval
for scheduling strategies. Each network request k is character-
ized by a commodity, which can be represented by a five-tuple
(sk, tk, δk, rk, dk), k ∈ K = {1, ...,K}, where:

• sk, tk ∈ V are the request’s source and destination nodes,
respectively;

• δk ∈ Z>0 is the completion deadline by which all the
data must arrive at tk, where δk ≤ T ;

• rk ∈ R>0 is the reward value (if completed on time);
• dk ∈ R>0 is the demand, i.e, the amount of data to

transmit.

We further define a feasible request subset K ⊆ K such that
we can find a dynamic routing strategy for all requests in K
that can be transmitted to their destinations by their deadlines.
Given a network topology, we use the following example to
illustrate a feasible scheduling and dynamic routing strategy.

Example 1 (A feasible scheduling and dynamic routing strat-
egy). Consider a network topology with three transmission
requests, the first is from a to d, with a deadline of 5, a reward
of 3, and a demand of 8. The second is from a to c, with a
deadline of 4, a reward of 2, and a demand of 5. The third is
from a to b, with a deadline of 3, a reward of 1, and a demand
of 6. As shown in Fig. 1a, the first number on an edge is its
capacity, and the second is its edge traversal time. Lastly, the
total time horizon T is 5.

A feasible scheduling strategy is to schedule only the first
commodity. We use the following time-sequential Fig. 1b-1f to
illustrate a corresponding dynamic routing strategy. The flow
values are illustrated in solid red arrows. Fig. 1b represents
the time step t = 1. Specifically, 4 units leave node a at time 0,
2 units go to node b, the other 2 units go to node c; at t = 1,
the 2 units going to node b have traversed 1/3 of the link
(a, b), and the other 2 units have arrived at node c. At time 1,
the destination node d receives nothing. Fig. 1c shows that,
at t = 2, all the flows are “on the road”. Node d receives
nothing as well. Fig. 1d shows that, at time 3, node d receives
1 unit, and the cumulative reward is 1. Fig. 1e shows that, at
time 4, node d receives 3 unit, and the cumulative reward is 4.
Fig. 1f shows that, at time 5, node d receives 4 unit, and the
cumulative reward is 8.

The above scheduling and dynamic routing strategy is
feasible, but can we achieve higher total rewards? To this

(1,1) (1,1)a

b

c

d

(a) Network topology. The tuple on
each edge indicates its (capacity, de-
lay). Note: the coloring is to aid the
presentation of Fig. 2a and has no
meaning otherwise.
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(b) Flow values at t = 1. Node a sent
4 units of commodity total, 2 of which
was sent along (a, b), and 2 units
was sent via (a, c). Node c receives
2 units of commodity.
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(c) Flow values at t = 2. 4 additional
units of commodities have left node
a, moving down (a, b) and (b, c).
Another 2 units on (a, b) are still en
route. Of 2 units received by c in the
previous time step, 1 unit was sent
along (c, b) and is received at b, while
1 unit was sent via (c, d).
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(d) Flow values at t = 3. Node b
receives 2 units, and sent 1 unit along
(b, d), which is received at d. Node c
sent 2 units via (c, d), and the 1 unit
already sent is still en route.
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(e) Flow values at t = 4. Node b
receives 2 units and sends 2 units
via (b, d). 2 units are en route (c, d).
Node d receives 1 unit via (c, d), and
2 units via (b, d).

d
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(f) Flow values at t = 5. Node b
sent 2 units of flow via (b, d), which
Node d receives. Additionally, node d
receives 2 units via (c, d), completing
the network request.

Fig. 1: A step-by-step example showing Example 1 over time.

end, our network transmission request scheduling and dynamic
routing objective is to achieve the following key properties:

• Maximizing Total Rewards: We aim to find a subset of
commodities K ⊆ K such that every commodity in K
can be fulfilled, and the total reward is maximized.

• Adhering to Completion Deadlines: The scheduling
strategy must ensure that the deadline of each commodity
in K is not exceeded.

• Satisfying Network Constraints: The corresponding dy-
namic routing strategy must satisfy the network’s physical
constraints at all time.

It is non-trivial to achieve the above objectives using the
original graph G. In the following, we introduce the time-
expanded graph model. Then, given a K, we formally define
a routing strategy based on the time-expanded graph.

C. Dynamic Flow based on Time-expanded Graph

To model the temporal evolution of flows, we define the time-
expanded graph of G as follows.
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Definition 1 (Time-expanded graph). Given a time horizon
T , we define the time-expanded graph LG(T ), which is con-
structed from G as follows. For each node x ∈ V , LG(T ) has
T + 1 nodes x(τ), τ = 0, ..., T , and the set of these nodes
is denoted by LV(T ); for each edge (x, y) ∈ E , LG(T ) has
edges (x(τ), y(τ + µ(x, y))), 0 ≤ τ ≤ T − 1, and the set of
these edges is denoted by LE(T ); in addition, there are edges
(x(τ), x(τ + 1)), 0 ≤ τ ≤ T − 1, to represent holdovers at
node x. A replica (x(τ), y(τ+µ(x, y))) of (x, y) has capacity
c(x, y), whereas holdover edges are assumed to have infinite
capacity.

Fig. 2a shows a time-expanded version of the network graph
(T = 5) shown in Fig. 1a. Fig. 2b shows a flow in this network
that corresponds to the dynamic routing shown in Fig. 1b-1f.
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(a) Construction of time-expanded graph. Notice the color of edges corre-
sponds to Fig. 1a. Light gray holdover edges are added between the same
nodes over time.
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(b) Corresponding feasible network request scheduling and routing strategy.

Fig. 2: Network flow of Example 1 in the time-expanded graph. Note
that the flow is identical to Fig. 1.

Based on the definition of the time-expanded graph, each
data flow is represented as a set of path segments with the
amount of data transfer in LG(T ), constrained by the deadline
and bandwidth capacities. We formally define the dynamic flow
model to represent a routing strategy:

Definition 2 (Dynamic flow). Given a set of network re-
quests K and a time horizon T , we define a dynamic flow
W = (W1,W2, . . . ,W|K|), where for k ∈ K, Wk : LV(T )×

LV(T ) 7→ R, which satisfies the following constraints:

1) Flow conservation:
∑

(v(τ),y(τ+µ(v,y)))∈LE(T )

Wk(v(τ), y(τ + µ(v, y)))

−
∑

(x(τ−µ(x,v)),v(τ))∈LE(T )

Wk(x(τ − µ(x, v)), v(τ)) = 0, v /∈{sk, tk}; (a)

2) Non-negativity: Wk(x(τ), y(τ + µ(x, y))) ≥ 0,

∀(x(τ), y(τ + δ(x, y))) ∈ LE(T ); (b)

3) Capacity:
∑
k∈K

Wk(x(τ), y(τ + µ(x, y))) ≤ c(x, y),

∀(x(τ), y(τ + µ(x, y))) ∈ LE(T ). (c)

Moreover, given a network request k ∈ K with completion
deadline δk ≤ T , we have the following defined deadline-
constrained time-expanded subgraph:

Definition 3 (Deadline-constrained subgraph). For a network
request k ∈ K with completion deadline δk ≤ T , we define
a subgraph LG(δk) = (LV(δk), LE(δk)) as a deadline-
constrained time-expanded subgraph of LG(T ), which includes
only the temporal nodes and edges that lie within the time
window [0, δk]. Here:

• LV(δk) = {v(τ) | v ∈ V, τ ∈ {0, 1, . . . , δk}} is the node
set which includes all temporal copies of nodes from the
original graph up to time δk.

• LE(δk) = {(x(τ), y(τ + µ(x, y))) | τ + µ(x, y) ≤ δk},
where (x, y) ∈ E , is the edge set which includes edges
whose arrival time does not exceed δk.

Based on Definition 3, we further define the throughput of
a network request as follows:

Definition 4 (Network request throughput). For a network
request k ∈ K, its throughput is defined as the flow leaving
entering destination tk before the deadline δk:

∆k =
∑

(x(τ−µ(x,v)),tk(τ))∈LE(δk)

Wk(x(τ − µ(x, v)), tk(τ))

−
∑

(tk(τ),y(τ+µ(v,y)))∈LE(δk)

Wk(tk(τ), y(τ + µ(v, y))).

3. PROBLEM FORMULATION

Recall that we aim to select a feasible subset of transmission
requests and compute a corresponding dynamic flow over the
time-expanded graph to maximize the total reward. Formally,
we formulate the dynamic flow routing and scheduling (DRS)
as the following optimization problem:

DRS:max
K,W

∑
k∈K

rk (1)

s. t. ∆k = dk,∀k ∈ K; (2)
(a), (b), ∀k ∈ K, (c). (3)

Here, constraint (2) ensures that for each network request
k ∈ K, the total flow received at tk by deadline δk satisfies
its demand dk. Constraint (a) ensures the flow conservation.
Constraint (b) ensures that Flow values are non-negative.
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Constraint (c) ensures that the flow across all commodities
cannot exceed physical link capacities at any time. This mixed-
integer program is challenging to solve directly due to the
combinatorial nature of selecting K and satisfying the under-
lying flow constraints over time. In the following sections,
we introduce an LP-based sequential rounding approach to
overcome DRS’s computational intractability and reduce the
time complexity further in a static flow perspective.

4. LP-BASED SEQUENTIAL ROUNDING APPROACH

A. LP-based Feasibility Checking

A key subroutine required in our proposed rounding scheme
is a feasibility-checking step that determines whether a given
subset of requests can be served before their deadlines without
violating link capacity constraints. We formulate this sub-
routine as an LP feasibility problem over the time-expanded
graph. Specifically, given a candidate network request set
K ⊆ K, we aim to determine whether there exists a dynamic
flow routing strategy that satisfies the deadline, flow conser-
vation, and bandwidth constraints for all k ∈ K. This can
be formulated as the following problem over the deadline-
constrained time expanded subgraph LG(δk) for each k ∈ K:

P1(K): Find Wk for each k ∈ K (4)
s. t. ∆k = dk, ∀k ∈ K; (5)

(a), (b),∀k ∈ K, (c). (6)

This LP-feasibility problem ensures that each flow obeys
flow conservation at intermediate nodes, satisfies its demand
before its deadline, respects the link capacity constraints at
each time slot, and maintains non-negativity of all flows. The
feasibility of P1(K) determines whether a given subset is
admissible. Based on the above, we introduce a relaxation-
based heuristic and later a method to reduce complexity via
static flows.

B. LP Relaxation for Reward Maximization

While solving P1(K) helps validate whether a given subset
of requests can be supported, it does not directly guide the
selection of high-reward request subsets. To this end, we
propose an LP relaxation that enables global reasoning about
request priorities based on their reward values and feasibility
potential. Specifically, we define P2(K) of the original DRS
problem by relaxing the equality constraint ∆k = dk, and
maximizing the weighted sum of rewards where the each
weight is the fractional reward ratio ∆k

dk
:

P2(K): max
W

∑
k∈K

∆k

dk
rk (7)

s. t. ∆k ≤ dk, ∀k ∈ K; (8)
(a), (b),∀k ∈ K; (9)∑
k∈K

Wk(x(τ), y(τ + µ(x, y))) ≤ c(x, y),

∀(x(τ), y(τ + µ(x, y))) ∈ LE(T ). (10)

Solving P2(K) yields a fractional solution that helps prior-
itize which requests to consider in a feasible final subset. The
next step is to apply a sequential rounding approach using this
global view.

C. LP-based Sequential Rounding Algorithm

Our proposed LP-based sequential rounding (LPSR) algorithm
constructs a feasible request subset by initializing the solution
set K with fully satisfied requests in the solution of P2(K) (i.e.,
commodities where the reward ratio ∆k

dk
= 1, for k ∈ K) and

then greedily augmenting it based on the descending order
of fractional reward ratios. Each new candidate is admitted
only if it passes the feasibility check defined by P1(K). The
proposed LPSR algorithm is outlined in Alg. 1.

Algorithm 1: LPSR(T,G,K)
Input: T : time horizon; G: graph; K: request set
Output: W: dynamic flow; K: feasible request set
Construct LG(T );
Solve P2(K);
K ←

{
k|∆k

dk
= 1, k ∈ K

}
;

K̂ ← K \ K;
for k ∈ K̂ in descending order of ∆k

dk
do

if P1(K ∪ k) is feasible then
K ← K ∪ k;

Output W, K

The LP-based sequential rounding algorithm provides a
principled trade-off between partial reward maximization and
strict feasibility. Nevertheless, LPSR requires repeatedly solv-
ing P1 over a growing subset, which incurs high computational
overhead due to the size of the time-expanded graph. In the
next section, we present a technique to replace this with a
much more efficient static-flow-based feasibility check.

5. REDUCING COMPLEXITY: STATIC FLOW PERSPECTIVE

This section proposes a computationally efficient surrogate
based on static flows over the original graph.

A. Static Flow LP for Feasibility Checking

We first define a static flow and its throughput and describe
how data is routed from source to destination under steady-
state assumptions.

Definition 5 (Static flow). Given a network requests set K, we
define a static flow by f = (f1, f2, . . . , f|K|), where for k ∈ K,
fk : V × V 7→ R, which satisfies the following constraints:

1) Flow conservation:
∑

(v,y)∈E

fk(v, y)−
∑

(x,v)∈E

fk(x, v) = 0,

v ̸∈ {sk, tk}; (d)
2) Non-negativity: fk(x, y) ≥ 0 ∀(x, y) ∈ E ; (e)

3) Capacity:
∑
k∈K

fk(x, y) ≤ c(x, y), ∀(x, y) ∈ E . (f)
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Definition 6 (Static flow throughput). The static throughput
of request k ∈ K under a static flow fk is defined as the net
amount of flow reaching the destination node:

Vk =
∑

(x,tk)∈E

fk(x, tk)−
∑

(tk,y)∈E

fk(tk, y). (11)

This definition captures the net flow delivery from sk to
tk, analogous to its dynamic version ∆k in the time-expanded
graph. However, this static model does not directly incorporate
deadlines or link traversal delays. To address this, we leverage
a key result originally introduced by Ford and Fulkerson [2],
which relates the dynamic throughput of a request to its
corresponding static flow.

Lemma 1 (Ford and Fulkerson [2]). Let fk be a feasible static
flow for request k ∈ K, with static throughput Vk, and let
µ(u, v) denote the traversal delay of link (u, v) ∈ E . Then,
the dynamic throughput ∆k achieved under the deadline of δk
is given by:

∆k = (δk + 1)Vk −
∑

(u,v)∈E

µ(u, v)fk(u, v). (12)

Remark 1. The term (δk + 1)Vk in (12) represents the
maximum cumulative flow that could be delivered if every unit
of flow travels instantly within a time horizon of δk + 1. The
second term deducts the “in-transit” delay penalty caused
by link traversal times. Intuitively, the dynamic flow is a
time-weighted transformation of the static flow. This relation
enables us to check the feasibility of serving a request k over
the original graph, by ensuring that ∆k = dk.

Based on Lemma 1, we formulate a static LP feasibility
problem to determine whether a candidate request subset can
be satisfied under bandwidth and deadline constraints using
only the original graph:

P3(K): Find fk for each k ∈ K (13)

s. t. (δk + 1)Vk −
∑

(u,v)∈E

µ(u, v)fk(u, v) = dk,∀k ∈ K; (14)

(d), (e),∀k ∈ K, (f). (15)

Remark 2. P3(K) serves as a fast and delay-aware surrogate
for the more expensive P1(K), operating entirely on the origi-
nal graph. P3(K) is more conservative than P1(K) because
it checks feasibility using static flows that must satisfy all
demands within a fixed deadline using average delay penalties,
without accounting for how flows can be scheduled over time
to share link capacity more efficiently. While slightly conser-
vative, solving P3(K) significantly reduces the computational
burden when evaluating large subsets of requests.

B. Efficient Rounding with Static Feasibility Checking

We now incorporate the static LP feasibility problem P3(K)
into the proposed LP-based sequential rounding scheme to
reduce its computational complexity. The key idea is to first
apply the cheaper static feasibility checking (solving P3(K))

to screen new request candidates. Only if P3(K) fails do we
invoke the full dynamic check using P1(K), which operates
on the time-expanded graph. This results in a hybrid rounding
algorithm, referred to as Efficient LP-based Sequential Round-
ing (E-LPSR), which retains the reward prioritization of the
LP relaxation while avoiding expensive graph expansions. We
summarize E-LPSR as Alg. 2.

Algorithm 2: E-LPSR(T,G,K)
Input: T : time horizon; G: graph; K: request set
Output: W: dynamic flow; K: feasible request set
Construct LG(T );
Solve P2(K);
K ←

{
k|∆k

dk
= 1, k ∈ K

}
;

K̂ ← K \ K;
for k ∈ K̂ in descending order of ∆k

dk
do

if P3(K ∪ k) is feasible then
K ← K ∪ {k};

else if P1(K ∪ k) is feasible then
K ← K ∪ {k};

return W, K

6. PERFORMANCE EVALUATION

A. Evaluation Setup

We evaluate the performance of our proposed Efficient LP-
based Sequential Rounding (E-LPSR) heuristic against four
baselines: the regular LP-based Sequential Rounding (LPSR),
two greedy heuristics, Earliest Deadline First (Greedy-EDF)
and Largest Reward First (Greedy-LRF), and the exact
exhaustive-search solution. All experiments are conducted on
a synthetic 8 × 8 grid network, where each of the 64 nodes
is connected to its four orthogonal neighbors by unit-capacity,
unit-delay links. We generate 8 commodities, each originating
at the upper-left node (1, 1) and destined for the lower-right
node (8, 8). To introduce heterogeneity, each commodity is
assigned a distinct demand, deadline, and reward. The global
time horizon is set to T = 64. For each algorithm, we measure:

• Total Reward: Sum of rewards of all commodities deliv-
ered by their deadlines;

• Computation Time: End-to-end runtime of the scheduling
and routing algorithm (in milliseconds).

B. Evaluation Results

Table I summarizes the total reward achieved and the compu-
tation time required by each algorithm.

From Table I, we observe:
• Reward Quality. Both LP-based rounding schemes

(E-LPSR and LPSR) achieve a near-optimal total reward
of 23, i.e., 98.5% of the exact solution’s reward of 24. In
contrast, two greedy heuristics suffer a significant drop
in their rewards (15 and 16), indicating their inability to
balance deadlines and rewards effectively.

MILCOM 2025 Track 2 - Networking Protocols and Performance

628
Authorized licensed use limited to: Arizona State University. Downloaded on September 17,2026 at 06:37:12 UTC from IEEE Xplore.  Restrictions apply. 



TABLE I: Comparison of Algorithms on the 8× 8 Grid (T = 64, 8
commodities)

Algorithm Reward Time (ms)
E-LPSR 23 1,287
LPSR 23 3,909
Greedy-EDF 15 3,264
Greedy-LRF 16 2,711
Exact (Exhaustive) 24 15,634

• Computational Efficiency. E-LPSR reduces runtime by
approximately 67% compared to LPSR (1, 287 ms vs.
3, 909 ms), demonstrating the efficiency of our static-flow
approach. Although Greedy-LRF and Greedy-EDF
are faster than LPSR, they still incur higher runtime than
E-LPSR while delivering a lower reward. The exhaustive
search achieves the highest reward but costs prohibitive
computation time (15.6 s), rendering it impractical for
larger networks or real-time applications.

These results indicate that E-LPSR strikes the best trade-off
between solution quality and efficiency, making it well suited
for time-critical network services in practical dynamic and
delay-sensitive environments.

7. RELATED WORK

A. Dynamic Flow Scheduling and Routing

The study of dynamic flow scheduling and routing originates
from classical flow network theory, with the time-expanded
graph model introduced in the foundational work of Ford and
Fulkerson [2]. However, most existing subsequent works focus
on maximizing throughput or minimizing latency without
incorporating application-level utility metrics such as task re-
ward or deadline satisfaction. Moreover, solving dynamic flow
problems over time-expanded graphs can be computationally
intensive, prompting recent work to explore efficient heuristics
and LP relaxations [5, 6]. Our work extends this line of
research by integrating reward maximization with deadline-
aware feasibility checks and proposing efficient approxima-
tions using static flow surrogates.

B. Deadline-aware Networking

Prior works have studied deadline-constrained task scheduling
and routing in wireless networks [1, 3], typically assuming
fixed paths or single-hop communication. These approaches
often simplify the network dynamics by omitting traversal
delays, which limits their applicability in tactical edge envi-
ronments where both link delay and bandwidth heterogeneity
are prevalent. In contrast, our work captures the full temporal
dynamics of network flows, explicitly accounts for path-
dependent delays and bandwidth constraints, and provides
scalable algorithms for selecting the most valuable subset of
requests under strict deadline constraints.

8. CONCLUSION

This paper addresses the problem of dynamic flow routing
and scheduling for time-critical network services in next-
generation networks. We formulate the problem as a mixed-
integer program over a time-expanded graph, aiming to max-
imize the total reward of completed services under demand,
deadline, and bandwidth constraints. To overcome the compu-
tational intractability of exact solutions, we propose an LP-
based sequential rounding algorithm guided by the solution
of a relaxed reward maximization problem. To further reduce
complexity, we introduce a delay-aware static flow surrogate
model that enables fast feasibility checks using only the orig-
inal network topology, and propose an efficient heuristic. The
simulation results demonstrate the trade-off among different
approaches and validate the effectiveness of the proposed
algorithms. Future work will explore online algorithms and
robustness under dynamic topologies and uncertain network
conditions.
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