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Abstract—Recent years have witnessed explosive growth in the
deployment of IoT devices over tactical edge networks, which
demand flexible task offloading strategies to accommodate limited
connectivity and computing resources. While many existing works
assume direct access to edge servers, such assumptions often
break down in adversarial and dynamic environments. This
work introduces a novel edge task offloading framework that
enables multi-hop communication and enables task execution
not only at edge servers but also at relay nodes and local
devices. We formulate the problem of joint task offloading,
resource allocation, and time frame/slot assignment, under a time-
division multiple access (TDMA) uplink scheme, as a nonlinear
integer program to maximize total rewards, subject to various
communication and resource constraints. To solve it optimally,
we first construct a feasibility-aware directed graph that captures
valid communication links based on signal-to-noise ratio (SNR)
constraints, and then design a dynamic programming (DP)
algorithm that integrates slot-minimizing offloading path selection
with the assignment of the largest feasible number of time
frames for each user to reduce total time slots consumption
without violating task completion deadlines. To improve scalabil-
ity, efficient heuristics are developed using scaling and rounding
techniques. Extensive experiments demonstrate that our proposed
DP algorithm achieves optimal task offloading and resource
allocation, while our heuristic algorithms offer a computationally
efficient alternative with competitive performance.

1. INTRODUCTION

Tactical edge networks are increasingly populated with in-
telligent IoT devices generating computation-intensive data
streams under stringent latency and reliability requirements [4],
[6]. Nevertheless, these devices’ constrained processing power
and limited energy reserves present critical challenges, espe-
cially in dynamic and adversarial environments where rapid
decision-making is essential. While task offloading directly to
edge servers has proven effective under resource limitations
[5], [7], this approach hinges on the assumption of persistent
connectivity and low-latency access to edge servers, which are
rarely guaranteed in tactical deployments.

Recent efforts have explored relay-aided offloading frame-
works to overcome these limitations, where intermediate relay
nodes facilitate communication with distant servers [2]. How-
ever, existing approaches often treat relays as passive data for-
warders, overlooking their potential to perform computation.
This observation motivates a more general and flexible task
offloading paradigm incorporating multi-hop relaying and het-
erogeneous computing at relays and devices. To this end, this
work investigates the following fundamental question: “How

can we design flexible resource-aware offloading strategies
over multi-hop tactical edge networks where both servers and
relays can provide computing services?”

To answer this, we propose a novel offloading framework
for executing each task locally, at a relay, or at an edge server.
The proposed framework incorporates a TDMA-based uplink
model in which users are allocated several time frames/slots
to transmit their tasks. We formulate the multi-hop relay-aided
offloading (MRO) problem as a nonlinear integer program con-
strained by computing and communication resources. To solve
it optimally, we design a pseudo-polynomial time dynamic
programming (DP) algorithm. Here, to reduce per-frame slot
demand while meeting deadlines, we adopt a key strategy
assigning each user the largest feasible time frame number
permitted by its task deadline. Another central component
of our proposed solution is the construction of a feasibility-
aware directed graph, which includes only communication
links satisfying signal-to-noise ratio (SNR) constraints. Slot-
minimizing offloading paths are then selected over this graph
for each user. Moreover, we propose heuristic algorithms using
scaling and rounding techniques to improve scalability. The
main contributions of this paper are the following:

• We introduce a multi-hop relay-aided task offloading
framework and formulate the resulting MRO problem as a
nonlinear integer program subject to various constraints.

• We design an exact DP algorithm, leveraging minimum-
slot time frames assignment and offloading path selection
via a feasibility-aware graph, to optimally solve MRO.

• We propose efficient heuristics based on scaling and
rounding techniques to reduce the time complexity.

• We conduct numerical evaluations and demonstrate that
the proposed exact DP algorithm obtains optimal offload-
ing strategies, while the heuristics achieve competitive
performance with significantly reduced computation time.

We present the system model in §2 and formulate the
MRO problem in §3. We present exact and heuristic algo-
rithms in §4 and §5, respectively. We present evaluation
results in §6 and conclude the paper in §7. We present
all the proofs in the technical report appendix, which can
be found at https://github.com/asu-xue-group/offloading-tdma-
c/blob/tech-report/technical report.pdf, for a better paper flow.
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2. SYSTEM MODEL

We consider a multi-server relay-aided tactical edge net-
work where each edge server and relay node can provide
computation offloading services to resource-constrained local
mobile users. Assuming there are a set of N users U =
{u1, u2, ..., uN}, a set of L relay nodes H = {h1, h2, ..., hL},
and a set of M servers S = {s1, s2, ..., sM}. Typically, each
server is endowed with computing resources allocated by the
network operator and is capable of wireless communication
with mobile users and relays. Unlike traditional models where
relays are passive forwarders, we assume that relays have
limited but non-negligible computing capabilities, enabling
them to execute small or moderate tasks. Local users can
offload machine learning (ML) inference tasks to an edge
server or a relay node for execution.

A. User Tasks and Local Computing Resources

Each user un ∈ U has the following attributes:
• Position: The user un’s position is represented by a

coordinate
(
xU
n , y

U
n

)
in two-dimensional Euclidean space.

• Deadline: The task’s deadline for user un is δn.
• Data size: Dn specifies the input data required, including

program codes and parameters, for user un’s task.
• Task requirement: Each user can choose one ML algo-

rithm k ∈ K = {1, ...,K}. The user un’s task is char-
acterized by a 4-tuple,

(
CPUn,k,RAMn,k, τ

exe
n,k, rn,k

)
,

where CPUn,k and RAMn,k are positive integers in-
dicating un’s required CPU/RAM for processing ML
algorithm k, and τ exe

n,k denotes the algorithm k’s execution
time of user un’s task, and rn,k is a positive real number
denoting the reward earned when the task is completed
before the deadline with algorithm k selected.

• CPU/RAM capacities: The user un’s CPU/RAM capaci-
ties are denoted by two positive integers CU

n and RU
n .

B. Offloading Strategies

Let S ′ = S ∪ {s0}, where s0 indicates that the task is not
offloaded to any edge server for execution. Let H′ = H∪{h0},
where h0 indicates that the task is not offloaded to a relay node
either as the destination for executing or as an intermediate
transfer hub. Let K′ = K∪{0}, where k = 0 indicates that the
task is not executed at all. We formally define the offloading
path for each user as follows:

Definition 1 (Offloading path). Define the offloading path for
each user un ∈ U as qn = (vn,1, vn,2, ..., vn,Jn

), where Jn is
a positive integer, and we have

• vn,1 = un, i.e., the user is the source node;
• If Jn ≥ 3, vn,j ∈ H for j = 2, ..., Jn − 1, i.e., all

intermediate nodes must be relays;
• ∀Jn, vn,Jn

∈ S ∪H, i.e., the final destination can be an
edge server or a relay.

We further define Q(n) as the set of all the paths for the
user un ∈ U , and let Q = (Q(1), ..., Q(n)). We categorize the
following possible offloading outcomes as follows:

• U1 = {un ∈ U|Jn ≥ 3, k(n) ̸= 0, vn,Jn
∈ S}, i.e., task is

offloaded to server sm(n) via intermediate relays;
• U2 = {un ∈ U|Jn ≥ 3, k(n) ̸= 0, vn,Jn ∈ H}, i.e., task

is offloaded to relay hl(n) via intermediate relays;
• U3 = {un ∈ U|Jn = 2, k(n) ̸= 0, vn,Jn

∈ S}, i.e., task is
directly offloaded to server sm(n);

• U4 = {un ∈ U|Jn = 2, k(n) ̸= 0, vn,Jn
∈ H}, i.e., task

is directly offloaded to relay hl(n);
• U5 = {un ∈ U|Jn = 1, k(n) ̸= 0}, i.e., task is not of-

floaded and executed locally;
• U6 = {un ∈ U|Jn = 1, k(n) = 0}, i.e., task is dropped.

Given the above, we define the offloading strategy:

Definition 2 (Offloading strategy). Define the task offloading
strategy, which integrates the selection offloading paths and
ML algorithms, as a mapping A = (A(1), ..., A(n)) : U →
Q×K′. Specifically, for user un ∈ U:

A(n) =



((
un, v2,n, ..., vJn−1,n, sm(n)

)
, k(n)

)
if un ∈ U1,((

un, v2,n, ..., vJn−1,n, hl(n)

)
, k(n)

)
if un ∈ U2,((

un, sm(n)

)
, k(n)

)
if un ∈ U3,((

un, hl(n)

)
, k(n)

)
if un ∈ U4,

((un) , k(n)) if un ∈ U5,
((un) , 0) if un ∈ U6,

where k(n) ̸= 0 means the task is executed by algorithm k(n).

C. Communication Model

Since output sizes are small and downlink rates are high,
we neglect the downlink delay [1]. We consider a wireless
communication system employing time-division multiple ac-
cess (TDMA) as its multiple access protocol in the uplink.
The TDMA scheme separates the total communication time
into finite-length frames X , partitioning each frame into T
slots. Each time slot’s length is z time units. Each user un is
assigned Xn ∈ [0, X] time frames, where Xn is an integer.
Each user un is designated Tn time slots, where Tn ∈ [0, T ] is
an integer, to transmit data within a time frame. Consequently,
the user could transmit only during this period (assigned time
slots) over the total bandwidth W and then wait until its
assigned transmission slots are available in the subsequent
frame. Let Pn denote the transmit power of user un, ∀un ∈ U .
Since users alternately employ the communication channel
when offloading tasks, the uplink interference between users
is effectively alleviated. Thus, if a user is scheduled to offload,
we let this user’s transmit power be its full budget to maximize
its Signal-to-Noise Ratio (SNR):

Pn =

{
Pmax if un ∈

⋃4
i=1 Ui,

0 if un ∈ U5 ∪ U6.
(1)

Then, for user un ∈
⋃4

i=1 Ui, given qn, the SNR between node
vn,j and vn,j+1, where j = 1, ..., Jn − 1, is given by

SNRvn,j ,vn,j+1
=

Pmax

ν (d(vn,j+1, vn,j+1))
α , (2)

where ν is the background noise, d(vn,j+1, vn,j+1) is the
distance between nodes vn,j and vn,j+1 on the path qn,
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and α ∈ [2, 4] is the path loss exponent [3]. The effective
transmission time between nodes vn,j and vn,j+1 on qn is

τ up
vn,j ,vn,j+1

=
Dn

W log2(1 + SNRvn,j ,vn,j+1
)
. (3)

D. Server and Relay Computing Resources

Server sm ∈ S and relay hl ∈ H have the following attributes:
• Position: The server sm’s and hl’s positions are repre-

sented by coordinates
(
xS
m, ySm

)
and

(
xH
l , yHl

)
in two-

dimensional Euclidean space.
• CPU/RAM capacities: The CPU/RAM capacities of the

servers sm and hl are denoted by positive integers Cm,
Rm, Cl, and Rl.

3. PROBLEM FORMULATION

Assuming X = {X1, ..., XN} and T = {T1, ..., TN}. Based
on the above system model, we formulate the multi-hop relay-
aided task offloading (MRO) as the following maximization
problem to jointly optimize the offloading strategy, resource
allocation, and the time frames/slots assignments:

MRO : max
A,X ,T

∑
un∈U/U6

rn,k(n), (4)

s.t.
∑

un∈U1∪U3

m(n)=m

CPUn,k(n) ≤ CS
m, ∀sm ∈ S, (5)

∑
un∈U1∪U3

m(n)=m

RAMn,k(n) ≤ RS
m, ∀sm ∈ S, (6)

∑
un∈U2∪U4

l(n)=l

CPUn,k(n) ≤ CH
l , ∀hl ∈ H, (7)

∑
un∈U2∪U4

l(n)=l

RAMn,k(n) ≤ RH
l , ∀hl ∈ H, (8)

CPUn,k(n) ≤ CU
n , ∀un ∈ U5, (9)

RAMn,k(n) ≤ RU
n , ∀un ∈ U5, (10)∑

un∈
⋃4

i=1 Ui

Tn ≤ T, (11)

0 ≤ δn − τ exe
n,k(n), ∀un ∈ U5, (12)

XnTz ≤ δn − τ exe
n,k(n), Jn ≥ 2, (13)

XnTnz ≥
Jn−1∑
j=1

τ up
vn,j ,vn,j+1

, Jn ≥ 2, (14)

SNRvn,j ,vn,j+1
≥ β,∀j = 1, ..., Jn − 1, Jn ≥ 2. (15)

Constraints (5)-(10) ensure that the CPU and RAM usage
on each edge server, relay, and local device does not exceed
what is available. Constraint (11) ensures that the total as-
signed time slots of scheduled tasks do not exceed the overall
available time slots T . Constraints (12) and (13) ensure that
each user’s task is completed by its deadline. Constraint (14)
ensures that for each user offloading its task, the effective
transmission time is within its assigned time frames/slots.

Constraint (15) ensures that for per-hop communication, the
receiver successfully decodes the information transmitted from
the transmitter, i.e., the SNR must be higher than β. The
above MRO problem is a non-linear integer program with
coupled computing resource and communication constraints,
making it computationally challenging in general. To address
this, we aim to design low-complexity solutions that are both
computationally efficient and practically implementable while
still achieving good performance.

4. AN EXACT ALGORITHM

In this section, we design an exact DP algorithm, where a feasi-
ble offloading path and time frame assignments with minimum
time slot usage are selected for each user, to optimally solve
the MRO problem.

A. Minimum-slot Assignment

By exploiting the structure of MRO, we observe that each
feasible offloading path and time frame assignment for a user
yields the same reward if the selection of the ML algorithm
is fixed. Nevertheless, paths and time frame assignments use
different amounts of TDMA time slots due to varying hop-by-
hop transmission times, even though each time frame spans a
fixed duration. Therefore, selecting a feasible path and time
frame assignment that minimizes time slot usage results in a
better utilization of limited resources with minimal degradation
of total rewards. The following proposition formalizes this
observation and justifies its use in our algorithm design.

Proposition 1 (Optimality of minimum-slot assignment). Re-
stricting offloading strategies and time frame assignments to
minimum-slot assignments preserves the optimality of any
exact algorithm for solving the MRO problem.

In the following, we construct a feasibility-aware directed
graph that captures all valid communication links under SNR
constraints and use it to compute slot-minimizing time frame
assignments and offloading paths.

1) Feasibility-aware Graph Construction: We construct a
directed graph G = (V, E), where V = U∪H∪S and (v, v′) ∈
E if SNRv,v′ ≥ β. Each edge (v, v′) satisfies the structural
rules: 1) v is a user or a relay, and 2) v′ is a relay or a server.

2) Computing Largest Feasible Xn: Given a selected ML
algorithm, constraint (13) imposes an upper bound on assigned
time frames:

Xub
n =

⌊
δn − τ exe

n,k(n)

Tz

⌋
. (16)

Based on constraint (14), given a feasible path qn, the user
un’s time slot usage along qn can be derived as

Tn =

Jn−1∑
j=1

⌈τ up
vn,j ,vn,j+1

Xnz

⌉
. (17)

Based on (17), there is no benefit in choosing a smaller Xn

than its upper bound, since doing so increases the time slots
usage of user un. This is because the time slot usage Tn is
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monotonically decreasing in Xn. Then, edge (v, v′) ∈ E is
annotated with user-specific weights:

wn(v, v
′)=

⌈
Dn

Xub
n z ·W log2(1 + SNRv,v′)

⌉
,∀un ∈ U , (18)

which denotes the minimum number of time slots required to
transmit task data from node v to v′ for user un.

3) Slot-minimizing Path Computing: With the above com-
puted edge weights, we leverage Dijkstra’s algorithm on the
feasibility-aware graph to obtain the slot-minimizing offload-
ing paths. For each user un ∈ U , we restrict the computation
to only the reachable destinations in Vr(n) ⊆ H ∪ S. Here,
we slightly abuse the notation without loss of clarity. For each
destination v ∈ Vr(n), the above computing process yields
the slot-minimizing path q∗n,v and its corresponding time slot
usage T ∗

n,v . This process is repeated for all users.

B. A Dynamic Programming Approach

We have computed the minimum time slot usage for each
feasible user-destination pair. Another key observation is that
constraints (5)-(8) consist of M + L two-dimensional non-
identical knapsack constraints, and constraint (11) is a single-
dimensional knapsack constraint. This inspires us to design a
DP algorithm to optimally solve the MRO problem. We first
introduce the following definitions.

Definition 3 (Partial order relation of sets). Let B and B′ be
two vectors of 2(M + L) + 1 dimensions. We say B ≤ B′ if
B[j] ≤ B′[j], j = 1, 2, . . . , 2(M + L) + 1.

Definition 4 (Complete order relation of sets). Let B and B′ be
two vectors of 2(M+L)+1 dimensions such that B ̸= B′. We
say B ≺ B′, if there exists an integer i ∈ {1, 2, . . . , 2(M+L)+
1} such that B[j] = B′[j], j = 1, 2, . . . , i− 1 and B[i] < B′[i].

Definition 5 (Required resources). If user un ∈ U chooses
ML algorithm k ∈ K and offloads its task to server/relay
v ∈ Vr(n), we define its task’s required resources as a
three-dimensional vector ωn,k,v =

(
CPUn,k,RAMn,k, T

∗
n,v

)
.

We further define the set of tasks’ required resources as
Ω = {ωn,k,v|un ∈ U , k ∈ K, v ∈ Vr(n)}.

Definition 6 (All-capacities knapsack). An all-capacities knap-
sack is defined by a (2(M + L) + 1)-dimensional vector B[1 :
2(M + L) + 1], where B[2m − 1] and B[2m] are residual
CPU/RAM at server sm, m = 1, 2, ...,M , B[2(M + l) −
1] and B[2(M + l)] are residual CPU/RAM at relay hl,
l = 1, 2, ..., L, and B[2(M + L) + 1] is residual time slots.
The elements of this vector take non-negative integer values,
where B[2m − 1] ≤ Cm, B[2m] ≤ Rm, m = 1, 2, ...,M ,
B[2(M + l) − 1] ≤ CH

l , B[2(M + l)] ≤ RH
l , l = 1, 2, ..., L,

and B[2(M + L) + 1] ≤ T . We further define the set of
all-capacities knapsacks as B =

{
B|B ≤ B̄

}
, where B̄ =(

CS
1 , R

S
1 , ..., C

S
M , RS

M , CH
1 , RH

1 , ..., CH
L , RH

L , T
)
.

In the following, we first introduce the all-capacities variant
of the MRO and how to compute the optimal value of it. Then,
we propose the DP algorithm and analyze its complexity.

1) All-capacities Variant of MRO: Based on the above
definitions, we introduce the variant of MRO for a user subset
U(n) = {u1, ..., un} and a possible all-capacities knapsack
B ≤ B̄. Formally, given a set of tasks’ required resources Ω
and B ≤ B̄, the corresponding all-capacities variant of MRO is
defined as the following maximization problem:

MRO′ (n,B,Ω) : max
A,X ,T

∑
un′∈U(n)/U6(n)

rn′,k(n′), (19)

s.t.
∑

un′∈U1(n)∪U3(n)
m(n′)=m

CPUn′,k(n′) ≤ B[2m− 1], ∀sm ∈ S,

∑
un′∈U1(n)∪U3(n)

m(n′)=m

RAMn′,k(n′) ≤ B[2m], ∀sm ∈ S,

∑
un′∈U2(n)∪U4(n)

l(n′)=l

CPUn′,k(n′) ≤ B[2(M + l)− 1], ∀hl ∈ H,

∑
un′∈U2(n)∪U4(n)

l(n′)=l

RAMn′,k(n′) ≤ B[2(M + l)], ∀hl ∈ H,

CPUn′,k(n′) ≤ CU
n′ , ∀un′ ∈ U5(n),

RAMn′,k(n′) ≤ RU
n′ , ∀un′ ∈ U5(n),∑

un′∈
⋃4

i=1 Ui(n)

Tn′ ≤ T,

0 ≤ δn′ − τ exe
n′,k(n′), ∀un′ ∈ U5(n),

Xn′Tz ≤ δn′ − τ exe
n′,k(n′), Jn′ ≥ 2,

Xn′Tn′z ≥
Jn′−1∑
j=1

τ up
vn′,j ,vn′,j+1

, Jn′ ≥ 2,

SNRvn′,j ,vn′,j+1
≥ β,∀j = 1, ..., Jn′ − 1, Jn′ ≥ 2,

with the optimal value OPT (n,B; Ω). The objective and con-
straints of the problem in MRO′(n,B; Ω) are in a similar spirit
as those of the original MRO. The only difference is that
MRO′(n,B; Ω) is dynamically defined based the user subset
Un for n = 0, ..., N and a all-capacities knapsack B ≤ B̄.

2) Computing OPT(n,B; Ω): Assuming OPT(n′,B′; Ω) is
already computed for all n′ < n and B′ ∈ B in the complete
order as Def.4, we can consider an additional task from the
user un and compute the corresponding OPT(n,B; Ω). First,
we check if the user un’s task can be executed locally. If the
execution time, CPU and RAM usage on the local device does
not exceed what is available, we update OPT(n,B; Ω) as

OPT(n,B; Ω) = max
k
{OPT(n− 1,B; Ω) + rn,k} .

Then, we check if we can offload the user un’s task to server
sm ∈ Vr(n) and processed by ML algorithm k. Define its
minimum time slot usage is T ∗

n,m, we update B̂ as

B̂[2m− 1] = B[2m− 1]− CPUn,k;

B̂[2m] = B[2m]− RAMn,k;

B̂[2M + 1] = B[2M + 1]− T ∗
n,m. (20)
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If any of the elements of B̂ is smaller than 0, the value of
OPT(n,B; Ω) will be set to OPT(n− 1,B; Ω). This is because
the considered knapsacks are too small to contain the user
un’s task. If all B̂’s elements are non-negative, we compute
OPT(n,B; Ω) by the Bellman recursive formula:

OPT(n,B; Ω)

=max
{
OPT(n− 1,B; Ω),OPT(n− 1, B̂; Ω) + rn,k

}
.

Finally, we check if we can offload the user un’s task to server
hl ∈ Vr(n) and processed by ML algorithm k. Define its
minimum time slot usage is T ∗

n,l, we update B̂ as

B̂[2(M + l))− 1] = B[2(M + l))− 1]− CPUn,k;

B̂[2(M + l))] = B[2(M + l))]− RAMn,k;

B̂[2M + 1] = B[2M + 1]− T ∗
n,l. (21)

We can compute OPT(n,B; Ω) using the Bellman recursive
formula similarly to the case of offloading to servers. The
process of computing OPT(n,B; Ω) is summarized in Alg.1.

Algorithm 1: OPT(n,B; Ω)
Output: OPT(n,B; Ω): optimal value for first n users

under knapsack capacities B
value← OPT(n− 1,B; Ω);
m(n)← 0, l(n)← 0, k(n)← 0;
for k ∈ K do

if CPUn,k>CU
n or RAMn,k>RU

n or δn<τ exe
n,k then

continue
temp← rn,k + OPT(n−1,B; Ω);
if temp > value then

value← temp; k(n)← k;

for sm, hl ∈ Vr(n) do
for k ∈ K do

Xn ←
⌊
δn−τ exe

n,k

Tz

⌋
;

Compute edge weights based on (18);
Compute slot-minimizing path using Dijkstra;
Update B̂ as (20) or (21);
if any element in B̂ is negative then

continue
temp← rn,k + OPT(n− 1, B̂; Ω);
if temp > value then

value← temp;
Update offloading path q(n); k(n)← k;

Output value

3) DP Algorithm: The proposed optimal DP algorithm cal-
culates OPT(n,B; Ω) over all the users and knapsack capacity
configurations, where the boundary conditions are

• Initialization: OPT(0,B; Ω) = 0, ∀B ∈ B;
• Resource exhausted: OPT(n, (0, ..., 0); Ω) = 0, ∀un ∈ U .
The following theorem delivers the DP’s time complexity.

Theorem 1. The proposed DP algorithm can solve the MRO
problem in O(|B|N(M + L)K) time.

5. EFFICIENT HEURISTICS

The proposed DP algorithm optimally solves MRO. However,
as established in Theorem 1, its time complexity is pseudo-
polynomial. This becomes computationally expensive when
servers/relays have sufficient resources, i.e., when the knapsack
capacities are large, leading to a massive size of B since
|B| =

∏2(M+L)+1
j=1 (B̄[j] + 1). To address this scalability

issue, we propose heuristics based on scaling and rounding
techniques to reduce the time complexity.

We first present the following lemma.

Lemma 1. Given x, y, and b ∈ R, we have

x+ y ≤ b⇒ ⌊x⌋+ ⌊y⌋ ≤ ⌊b⌋, (22)
⌈x⌉+ ⌈y⌉ ≤ ⌊b⌋ ⇒ x+ y ≤ b. (23)

In the following, we present two variants of MRO and design
the corresponding efficient heuristics based on solving them.

A. Relaxed/Restricted Version of MRO

Based on Lemma 1, we propose the following relaxed and
restricted versions of MRO by scaling down the CPU/RAM
capacities and rounding them to an integer ⌊λ⌋, where λ is a
positive scaling factor.

P1(Relaxed): MRO′ (N, B̄r,Ω
relaxed) ; (24)

P2(Restricted): MRO′ (N, B̄r,Ω
restricted) . (25)

Here, the maximum knapsacks capacities are characterized by
a (2(M + L) + 1)-dimensional vector B̄r = (⌊λ⌋, ..., ⌊λ⌋, T ).
Ωrelaxed is the set of required resources after relaxation, where
ωrelaxed
n,k,v =

(⌊
λ

CPUn,k

Cv

⌋
,
⌊
λ

RAMn,k

Rv

⌋
, T ∗

n,v

)
. Ωrestricted is the

set of required resources after restriction, where ωrestricted
n,k,v =(⌈

λ
CPUn,k

Cv

⌉
,
⌈
λ

RAMn,k

Rv

⌉
, T ∗

n,v

)
.

B. Heuristics based on Solving P1 and P2
The proposed relaxed and restricted formulations preserve the
structure of the original MRO problem. Consequently, both P1
and P2 can be solved using the proposed DP algorithms,
denoted by DP(U , B̄r; Ω

relaxed) and DP(U , B̄r; Ω
restricted), re-

spectively. In both cases, the size of the knapsack capacity
set is given by |B̄r| = (⌊λ⌋+ 1)2(M+L)(T + 1).

Remark 1. Based on Theorem 1, the proposed DP algo-
rithm solves both P1 and P2 in time complexity O((⌊λ⌋ +
1)2(M+L)(T + 1)N (M + L)K). Moreover, the following in-
equality holds for the corresponding optimal values:

OPT(U , B̄r; Ω
restricted)≤OPT(U , B̄; Ω)≤OPT(U , B̄r; Ω

relaxed).

This implies that choosing a smaller λ allows computing faster,
potentially under- or over-approximating the total earned
reward. Therefore, an appropriate choice of λ can effectively
balance computational efficiency and approximation accuracy.
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6. PERFORMANCE EVALUATION

A. Evaluation Setup

We generate the following four types of test cases with
different sizes: small with 5 users, 1 servers, 2 relays,
and 2 ML algorithms; medium with 10 users, 2 servers, 2
relays, and 2 ML algorithms; med-large with 12 users,
2 servers, 3 relays, and 2 ML algorithms; and large with
15 users, 2 servers, 3 relays, and 2 ML algorithms. We
set maximum transmit power to Pmax = 10 W. The total
frequency bandwidth is B = 40 MHz; The background noise
is ν = −65 dBm. The path loss exponent is α = 3. The SNR
threshold β is set to 15 dB for all test cases. We assume the
total time slots T = 40, each time slot’s length z = 0.025s.
Lastly, we assume the scaling factor λ = 3.

All the experiments are conducted on a workstation running
Ubuntu 20.04 with Intel Xeon Gold 6226R CPU (64 cores
@ 2.90 GHz) and 512 GB memory. All the algorithms are
implemented in C++.

B. Evaluation Results

As shown in Tab.I, our results demonstrate that the proposed
DP algorithm consistently achieves the highest total rewards
across all tested scenarios. The DP solution is the perfor-
mance upper bound for our multi-hop relay-aided offloading
framework by optimally allocating computing resources and
selecting minimum-slot offloading paths. However, this opti-
mality comes at a significant computational cost, especially in
med-large and large settings where the feasible configu-
ration space grows rapidly. For example, as shown in Tab.II, in
the large test case with 15 users, 2 servers, and 3 relays, the
DP algorithm incurs substantial runtime overhead due to the
explosion in the number of multi-dimensional knapsack states.
This indicates the practical limitations of the exact method in
scenarios where low-latency decision-making is essential.

small medium med-large large
Restr/Exact 0.99259 0.98137 0.98283 0.97482
Exact/Relax 1.00000 1.00000 0.99833 0.99451
Restr/Relax 0.99259 0.98137 0.98119 0.96958

TABLE I: Ratio of total rewards across all test case sizes

To address this scalability challenge, we evaluate two ef-
ficient heuristics derived from relaxed and restricted variants
of the original MRO problem. To quantify the quality of these
approximations, we use the three reward ratios: 1) the ratio of
the total reward achieved by solving the restricted problem to
that of the optimal DP solution, 2) the ratio of the total reward
achieved by the optimal DP solution to that of solving the
relaxed problem, and 3) the ratio of the total reward achieved
by solving the restricted problem to that of solving the relaxed
problem. As shown in Tab.I, across all experiments, the relaxed
heuristic consistently achieved reward ratios close to 1, while
the restricted heuristic produced slightly more conservative
results but retained high performance. As shown in Tab.II, both
heuristics reduce the execution time significantly compared to
the DP algorithm. These findings confirm that both heuristics

maintain near-optimal reward outcomes while dramatically
reducing computation time, offering a scalable and practical
alternative for real-world deployment.

small medium med-large large
Restricted 0.425 15.758 195.036 242.915
Relaxed 0.439 16.458 205.151 255.470
Exact 1.106 580.990 4142.968 5143.313

TABLE II: Running time (s) across all test case sizes

7. CONCLUSION

This paper presents a multi-hop relay-aided task offloading
framework that enables flexible task execution at local de-
vices, relay nodes, and edge servers under a TDMA-based
communication model. We formulate a problem that jointly
optimizes offloading strategies, resource allocation, and time
frame/slot assignment. Our approach constructs a feasibility-
aware directed graph and assigns the largest feasible number
of time frames per user to improve bandwidth utilization.
We select slot-minimizing offloading paths for each user to
reduce slot consumption further. We develop an exact DP
algorithm to solve the problem optimally and propose scalable
heuristic methods based on resource scaling and rounding.
Extensive experiments show that the proposed DP algorithm
achieves optimal results, while the heuristic methods provide
competitive performance with significantly lower runtime.
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