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ABSTRACT This paper addresses two key challenges in distributed Large Language Model (LLM)
inference at the edge: 1) cost-efficient and fair task allocation, and 2) dynamic scheduling under deadline
constraints. We propose two mechanisms: the Fair Cost-Efficient Incentive Mechanism (FCIM) for task and
layer assignment, and the Adaptive Dynamic Scheduling Algorithm (ADSA) for execution scheduling on
individual devices. FCIM is an auction-basedmechanism that selects cost-effective,memory-feasible devices
while minimizing task latency, reward cost, and device usage. Its adaptive reward design ensures positive
utility and fairness, even under shifting system priorities. ADSA enables preemption-aware, deadline-driven
scheduling by dynamically reordering tasks based on arrival time and workload characteristics. Simulations
demonstrate that FCIM reduces communication overhead by 54.7% and task completion time by 36.9%
compared to static and performance-driven baselines, while ADSA reduces queueing delay by 39% under
strict deadline constraints.

INDEX TERMS Adaptive scheduling, distributed AI, edge computing, fair incentive mechanism, large
language models, resource allocation.

I. INTRODUCTION
Generative AI models—especially LLMs—are transforma-
tive tools for natural language understanding, translation, and
content creation. While LLMs are becoming increasingly
useful, deploying them in latency-sensitive applications is
challenging due to their high computational and memory
requirements [1]. Centralized cloud infrastructures have tra-
ditionally supported LLM inference with powerful compute
capabilities, but they present drawbacks in latency-sensitive
and cost-constrained scenarios. These include elevated
inference latency, high operational costs, and excessive
computational load on centralized data centers [2]. As real-
time LLM applications proliferate, these limitations become
more pronounced in resource-constrained environments such
as edge computing and autonomous agents.

In recent years, the development of LLMs has led to
rapid adoption in domains like autonomous systems, smart
technologies, and real time decision making. Yet, such an
expansion may require a very large additional computational
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cost (e.g. far larger than that any existing infrastructures have
ever been built to accommodate)! While cloud platforms
provide strong resources for large-scale inference, they
often disappoint in latency-sensitive situations as a result
of factors such as network bottlenecks, variable workloads,
and poor scalability [3], [4]. They not only represent
technical challenges—they also come with on-the-ground
implications in the form of delayed responses, higher costs,
and compromised performance.

Recent efforts in distributed AI and edge computing
suggest promising directions for decentralizing LLM infer-
ence. Edge deployment can potentially reduce inference
latency and improve scalability by leveraging geographi-
cally dispersed, heterogeneous devices. However, existing
solutions such as static layer allocation [5] and tensor
partitioning [6] often assume stable device availability and
controlled environments. These assumptions break down in
real-world edge systems, where dynamic workloads, memory
constraints, and computational heterogeneity are the norm.

While edge-based incentive mechanisms have been exten-
sively studied in the Mobile Edge Computing (MEC)
literature [7], [8], they are largely insufficient for the unique
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challenges posed by transformer-based LLM inference.
Traditional MEC models typically assume that tasks are
divisible or independent, allowing them to be arbitrarily
distributed across edge devices [9]. In contrast, LLMs exhibit
strict layer-wise dependencies—where each layer’s output
directly feeds into the next—making naive task partitioning
and offloading strategies infeasible [10], [11]. Furthermore,
LLM layers are not uniform in their computational demands:
early layers tend to be memory-bound, while later layers
are more compute-intensive [12]. Effective scheduling must
therefore consider both the device architecture (e.g., FLOPs,
memory bandwidth) and the unique workload characteristics
of each layer—something most MEC models do not account
for. Additionally, incentive mechanisms in MEC are often
designed under the assumption that devices participate inde-
pendently and that misreporting affects only local outcomes.
However, in pipelined LLM inference, misreporting (e.g.,
underbidding) by even one device can disrupt the entire
sequence, delaying the overall execution. To address this, our
FCIM mechanism incorporates fairness-aware bidding and
reward strategies that discourage such behavior and promote
system-wide alignment. Finally, real-world LLMdeployment
must account for device heterogeneity, fluctuating availabil-
ity, and dropout risks. Unlike MEC approaches that assume
homogeneous and stable edge resources, our method is
robust to dynamic participation, aligning with recent research
emphasizing adaptive scheduling in distributed systems.

This paper addresses these challenges by proposing two
integrated mechanisms tailored to the edge deployment of
LLMs:

• Fair Cost-Efficient Incentive Mechanism (FCIM):
A practical, context-aware layer allocation approach
that promotes fair and cost-conscious participation
among heterogeneous edge devices. FCIM adapts a
multi-scenario reward strategy to encourage cooperative
behavior under realistic system constraints such as
memory limits and latency sensitivity.

• Adaptive Dynamic Scheduling Algorithm (ADSA):
A scheduling strategy that leverages classical real-time
scheduling principles and adapts them for pipeline-
parallel inference. ADSA prioritizes deadlines while
minimizing preemption, accounting for intra-device
computation and inter-device communication latencies.

This work is driven by the following key research
questions:

• RQ1: How can we design a dynamic task and LLM
layer allocationmechanism that balances cost efficiency,
task completion time, fairness, and practical incentive
alignment in heterogeneous edge environments?

• RQ2:What strategy can be employed to ensure that task
scheduling satisfies deadlines while minimizing overall
task latency under communication and computational
constraints?

• RQ3: How do the proposed FCIM and ADSA mecha-
nisms perform in terms of fairness, cost efficiency, queue

reduction, and scalability, when compared to current
state-of-the-art solutions?

To validate our techniques, we conduct a detailed experi-
mental assessment using simulations of real-world workloads
analyzing: (i) Inference latency reduction —measured as
end-to-end task completion time; (ii) Total inference cost
—the payment made to participating devices; (iii) Total com-
munication overhead —intra-device communication within
the inference pipeline; (iv) Memory utilization —evaluating
effective use of device GPU memory; (v) Cost efficiency
analysis —defined as the number of allocated layers per
unit cost; (vi) Fairness in distribution of layers and rewards
—equitable distribution of layers and rewards across devices;
(vii) Scalability—performance across LLMs of varying sizes
and diverse device capabilities.

The remainder of the paper is organized as follows.
Section II reviews related work, with a focus on existing
distributed LLM inference frameworks and their limita-
tions. Section III introduces the system model, describes
the network topology and the pipeline-parallel execution
model adopted in this study. Section IV formally defines
the optimization problem. Sections V and VI present the
proposed solution, detailing the design of the FCIM and
ADSA mechanisms and how they address the formulated
problem. Section VII evaluates the performance of FCIM
and ADSA against established baseline approaches. Finally,
Section VIII concludes the paper and outlines potential
directions for future work.

II. RELATED WORK
The growing computational and latency constraints of
centralized inference systems have led to increased interest
in deploying LLMs in distributed and edge environments.
This section reviews existing frameworks for LLM inference,
incentivemechanisms, and task scheduling, highlighting their
key limitations. These limitations motivate the development
of the proposed FCIM and ADSA methods for task assign-
ment and scheduling in heterogeneous edge settings.

A. DISTRIBUTED LLM INFERENCE AND EDGE
COMPUTING
This subsection examines distributed AI and edge computing
as scalable alternatives to centralized LLM inference, which
often suffers from latency and resource inefficiencies. Recent
frameworks aim to improve task allocation, scalability, and
resource utilization in decentralized environments.

AR-Edge [2] is a recent framework designed for resilient
edge-based LLM inference, integrating trust-based task
decentralization and fault-tolerant orchestration to improve
scalability in smart city deployments. While it introduces
important mechanisms for reliability and control-plane
resilience, it largely overlooks the computational challenges
of transformer-based inference. In particular, AR-Edge does
not address how to coordinate fine-grained layer execution
across multiple devices or ensure fairness and truthful
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participation among self-interested nodes—capabilities that
are critical in federated edge environments with heteroge-
neous hardware and limited trust.

HexGen [6], in contrast, focuses on performance opti-
mization through tensor and pipeline partitioning strategies
tailored for heterogeneous GPU clusters. Although it
effectively models compute and communication costs,
HexGen assumes a stable, datacenter-like environment with
no consideration for incentive compatibility, fair resource
allocation, or decentralized device autonomy. These assump-
tions limit its applicability in more dynamic edge contexts,
where participation is voluntary and resources fluctuate.

These limitations motivate the need for a principled
mechanism—such as our proposed FCIM—that is built
from the ground up to handle fairness, cost-efficiency,
and coordination under real-world edge constraints. FCIM
introduces a decentralized, auction-based approach that
supports fine-grained, layer-level scheduling. Through a
bidding and reward framework, it aligns incentives among
heterogeneous devices, promotes truthful participation, and
ensures equitable workload distribution. By directly address-
ing the gaps in fairness, autonomy, and coordination left by
systems like AR-Edge and HexGen, FCIM offers a practical
and scalable solution for collaborative LLM inference at the
edge.

Finally, while prior work, e.g., [8], employs VCG-based
auction mechanisms to optimize social welfare in general
MEC systems, their frameworks are not directly applicable
to LLM inference due to the absence of layer granularity,
memory constraints, and pipeline parallelism. Our FCIM
mechanism addresses these limitations with cost- and
memory-aware bidding, and is tailored for heterogeneous
edge inference.

B. LLM DEPLOYMENT FRAMEWORKS
Various techniques have been proposed to optimize the
deployment of LLMs across distributed systems, primarily
focusing on reducing latency and improving resource uti-
lization. However, many existing approaches overlook key
considerations such as fairness, dynamic adaptability, and
cost-effectiveness.

PipeEdge [5] introduces a dynamic programming-based
framework for optimal DNN layer partitioning across
heterogeneous edge devices. While it achieves efficient load
balancing under stable conditions, it assumes static device
availability and workload profiles. Moreover, it ignores com-
munication overhead—a critical factor for latency and energy
efficiency—which limits its practicality for large-scale,
real-world deployments.

PipeDream [13] statically assigns DNN layers to GPUs in
a fixed pipeline order, enabling computation-communication
overlap to improve throughput. However, its static offline
allocation fails to accommodate runtime variability in work-
load or device performance. Consequently, it performs poorly
in heterogeneous environments with fluctuating resource
conditions and network bandwidths.

ExeGPT [14] offers a constraint-aware scheduling
mechanism that considers device-specific limitations such
as memory, compute, and bandwidth. Despite this, it relies
on static scheduling strategies similar to PipeDream, which
makes it less suited to dynamic environments where
workloads and availability evolve over time.

FastServe [15] enhances inference for multi-model serving
by adopting a multi-level feedback queue (MLFQ) scheduler.
While this improves workload prioritization and latency
for high-priority tasks, it can lead to task imbalance,
where some devices become overloaded while others remain
underutilized—especially in heterogeneous edge settings.

In contrast to these frameworks, FCIM performs layer
allocation based on real-time device states and reported
workloads. By considering cost, memory, and compute
constraints in a dynamically adaptivemanner, it enables fairer
and more efficient LLM inference across heterogeneous edge
environments. A detailed comparison of FCIM with existing
frameworks in terms of dynamic adaptability, fairness, and
incentive mechanisms is provided in Table 1.

C. LIMITATIONS OF CONVENTIONAL SCHEDULING
METHODS
A variety of scheduling policies have been extensively
studied to ensure efficient inference, including Least Laxity
First (LLF), Shortest Remaining Time First (SRTF), and
First-Come, First-Served (FCFS). However, each of these
approaches exhibits significant drawbacks:

1) LEAST LAXITY FIRST (LLF) [17]
LLF assigns top priority to tasks with the smallest slack time.
While it effectively prioritizes critical tasks, frequent preemp-
tion leads to high context-switch overhead and fragmentation
of resources, especially under heavy workloads.

2) SHORTEST REMAINING TIME FIRST (SRTF) [18]
SRTF selects the task with the shortest remaining execution
time, often minimizing average response time. However,
it may cause deadlines to be missed for longer tasks, since
shorter tasks are repeatedly given precedence.

3) FIRST-COME, FIRST-SERVED (FCFS) [19]
FCFS dispatches tasks in the order they arrive, thus pre-
venting starvation. Unfortunately, it suffers from the convoy
effect, where an early long-running task delays all subsequent
tasks, leading to inefficient system performance.

These limitations motivate the design of our Adaptive
Dynamic Scheduling Algorithm (ADSA), which we describe
in detail in Section VI. Table 2 compares ADSA with LLF,
SRTF, and FCFS.

III. SYSTEM MODEL
A. NETWORK TOPOLOGY
We consider a distributed inference system composed of a
set of clients J and a set of heterogeneous worker devices I.
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TABLE 1. Comparison of FCIM with existing LLM deployment frameworks.

TABLE 2. Comparison of ADSA with conventional scheduling algorithms.

Each client j ∈ J generates LLM inference requests, which
are forwarded to one or more selected worker devices for
execution. Each request corresponds to a task τj,m that uses
model m ∈M.
To handle the computational and memory demands of

LLM inference, a pipeline of selected devices is formed,
where each device i ∈ I processes a subset of the model’s
layers. After a task completes pipeline execution, the final
output is transmitted from the last device in the pipeline back
to the client.

The network is assumed to be connected via point-to-point
communication links. Devices vary in processing speed,
memory capacity, and available communication bandwidth.
We assume that the set of available devices and their resource
profiles (e.g., compute rate, memory, and bandwidth) are
known at scheduling time. Table 3 summarizes the key
notations used throughout the paper.

B. COMPUTATION AND COMMUNICATION TIME MODELS
We model inference latency using transformer-specific
computation and communication models, following similar
approaches in [6]. The computation time T comp

i,j,m,l required for
worker device i to process layer l of model m for task τj,m is:

T comp
i,j,m,l =

12H2
mBtypeS

out
i,j,m,l

mi
+

24bj(S ini,j,m,l + S
out
i,j,m,l)H

2
m

ci
,

(1)

The two additive terms in (1) separately capture the
memory-bound and compute-bound costs of processing one
transformer layer. In particular,

12H2
m Btype S

out
i,j,m,l

mi︸ ︷︷ ︸
memory-bound

models the time to move activation tensors of size
12H2

m Btype S
out bytes through the device’s memory subsys-

tem at bandwidthmi (bytes/s), thus isolating the data-transfer
bottleneck.

The second term

24 bj (S ini,j,m,l + S
out
i,j,m,l)H

2
m

ci︸ ︷︷ ︸
compute-bound

counts the total number of floating-point operations (mul-
tiplies plus adds) required—proportional to the sum of
input and output token lengths, batch size bj, and hidden
dimension Hm—and divides by the device’s peak compute
rate ci (FLOP/s), thereby isolating the arithmetic bottleneck.
S in and Sout are the input and output sequence lengths in
bytes. Together, these two terms yield a tight estimate of
Tcomp by adding the dominant memory-transfer delay and the
dominant compute delay.

The communication time between devices i and i′ for job j
and model m is given by

T comm
i−i′,j,m =

bjHmBtypeS ini,j,m,l

βi−i′ (t)
+
bjHmBtypeSouti,j,m,l

βi−i′ (t)
, (2)

where βi−i′ (t) denotes the achievable channel rate under
Rayleigh fading between devices i and i′ at time t . It is defined
as

βi−i′ (t) = BiW log2

(
1+

Pihi−i′ (t)
W (N0 + Ii−i′ )

)
, (3)

where Bi is the bandwidth allocated to device i (in Hz),
W is the bandwidth of a single resource block (in Hz),
Pi is the transmit power of device i (in W), hi−i′ (t) is
the Rayleigh fading channel gain at time t , N0 is the
power spectral density of the additive white Gaussian noise
(in W/Hz), and Ii−i′ denotes the interference power from
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other devices (in W). This formulation captures both the
time-varying nature of the wireless channel and the impact
of interference on communication latency.

C. TASK MODEL AND CLIENT REQUESTS
Each inference request from client j for model m is denoted
by task τj,m and characterized as a tuple:

τj,m =
(
Sj,m,Pj,m,Tj,m

)
where:
• Sj,m: input size of the request, which affects both
compute and memory usage;

• Pj,m: budget constraint imposed by the client for
completing the inference;

• Tj,m: deadline (maximum tolerable latency) for receiv-
ing the completed inference result.

Tasks may arrive dynamically and are assumed to
be non-preemptive once execution begins. However, our
scheduling approach allows adaptive reordering prior to
execution based on deadline and resource availability.

D. PIPELINE PARALLELISM MODEL
When the full LLM cannot be processed by a single device
due to memory or compute constraints, the task is partitioned
across multiple devices using pipeline parallelism. Each
device i is assigned a segment of the model layers—denoted
li,j,m—to process for task τj,m. Devices operate sequentially
on these partitions: the output of one stage becomes the input
to the next.

The computation time of each stage depends on the number
of assigned layers and device characteristics. The communi-
cation time between stages is governed by the intermediate
output size and the bandwidth between devices.

Pipeline parallelism introduces a tradeoff between
concurrency (multiple stages can process different tasks
simultaneously) and communication overhead (as data
must be forwarded between devices). These tradeoffs are
considered in both layer allocation and scheduling decisions.

E. RESOURCE HETEROGENEITY AND CONSTRAINTS
Each device i is characterized by its memory capacity
Mi, processing rate, and link bandwidths to other devices.
Devices report their current load and availability, and may
be selectively assigned tasks depending on whether their
available memory can accommodate li,j,m layers and whether
the cumulative cost falls within the client’s budget Pj,m.

All scheduling and allocation decisions must satisfy
constraints on:
• Computation time— based on the number of layers and
device-specific processing rates;

• Communication time—due to intermediate data transfer
between pipeline stages;

• Memory usage — determined by the layer-specific
memory model (Eq. (11));

• Task deadlines and budgets.

These constraints are formally defined in Section IV-A.

IV. PROBLEM FORMULATION AND OPTIMIZATION
MODEL
A time-slotted model, as detailed in Appendix B, enables
task distribution to worker devices through defined variables.
A primary goal of our system is to minimize device
selection across pipelines and overall completion times while
controlling the client’s associated costs.

We define binary decision variables ym = (yi,j,m ∈
{0, 1},∀i ∈ I,∀j ∈ J ), where yi,j,m = 1 if device i is
selected to execute the task requested by client j. Additionally,
we introduce slot-indexed variables xm = (xi,j,m,t ∈

{0, 1},∀i ∈ I,∀j ∈ J , t ∈ T ), where xi,j,m,t = 1 if the
inference task for client j is processed at worker device i
during time slot St . The key notation used in the problem
formulation is summarized in Table 3.

We adopt a slotted-time framework in which each xi,j,m,t
corresponds to a slot of duration St . To ensure that each
transformer layer completes within a single slot without
introducing idle time on faster devices, we define

St = max
i,j,m

{
T comp
i,j,m

}
,

i.e., the longest per-layer execution time observed across
all devices, clients, and models. This conservative choice
ensures synchronization across heterogeneous devices and
avoids stalling due to layer fragmentation.

The implications of this time discretization are twofold.
On one hand, smaller St values improve temporal resolution
and allow for finer-grained scheduling decisions that better
adapt to dynamic workloads and device availability. On the
other hand, smaller slots increase the number of time indices
T , expanding the optimization space by introducing more
binary decision variables and constraints, which increases
the computational burden on the solver. Conversely, a larger
St simplifies the optimization problem but may lead to
underutilization of device capacity due to coarse scheduling
granularity.

In our simulations, we fixed the slot duration to
St = 110ms, which corresponds to the typical per-layer
execution time observed on the slowest participating edge
device. This ensures feasibility while maintaining manage-
able optimization complexity.

A. MODEL CONSTRAINTS
The optimization problem is subject to a set of constraints
governing task assignment, execution timing, memory usage,
and task completion. We categorize and explain these below
for clarity.

1) TASK ASSIGNMENT CONSTRAINTS
Each worker device can process at most one task at any given
time: ∑

j∈J
xi,j,m,t ≤ 1, ∀i ∈ I,∀m ∈M,∀t ∈ T . (4)
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TABLE 3. Notation summary.

Each client’s task can be assigned to only one worker at
any time:∑

i∈I
xi,j,m,t ≤ 1, ∀j ∈ J ,∀m ∈M,∀t ∈ T . (5)

The total time slots assigned for a given task must cover its
computation and communication durations:∑

t∈T
xi,j,m,t = yi,j,m · T

comp
i,j,m , ∀i, j,m, (6)∑

t∈T
xi,j,m,t = yi,j,m · T comm

i−i′,j,m, ∀i, j,m. (7)

2) LAYER ALLOCATION CONSTRAINT
Each model’s layers must be fully distributed across the
devices assigned to that pipeline:∑

i∈I
yi,j,m · li,j,m = Lm, ∀j,m. (8)

3) COMPLETION TIME CONSTRAINT
The overall completion time of a task is determined by the
latest finishing device in the pipeline:

φj,m ≥ (t + 1) · xk,j,m,t , where k = max{i | yi,j,m = 1}.

(9)

The final task completion time includes downstream
communication:

T total
j,m = φj,m + T comm

k−J ,j,m. (10)

4) MEMORY CONSTRAINTS
The memory required to process li,j,m layers is given by:

Mli,j,m =

(
12H2

mBtype + 2bj(S ini,j,m + S
out
i,j,m)HmBtype

)
· li,j,m

+ 4bj(S ini,j,m + S
out
i,j,m)HmBtype. (11)

This memory usage must not exceed the capacity of
device i:

Mli,j,m ≤ Mi. (12)

Further justification and derivation of the memory model
in (11) is provided in Appendix B-C.

B. OPTIMIZATION PROBLEM
We formulate a multi-objective optimization problem to
jointly determine: (i) the layer allocation li,j,m, (ii) task
scheduling variables xi,j,m,t , and (iii) device assignment
indicators yi,j,m, for executing LLM inference tasks across
heterogeneous worker devices.

The goal is to minimize a weighted sum of three system-
level costs: (1) the number of selected devices, (2) total task
completion time, and (3) reward payments to participating
devices.
Problem 1: Multi-Objective Task Scheduling and Alloca-

tion:

min
l,x,y

∑
j∈J

{
α
∑
i∈I

yi,j,m + βT total
j,m + γRtotalj,m

}
,

∀m ∈M
subject to:

System constraints: (4)− (10),

Rtotalj,m =
∑
i∈I

yi,j,m · Pi,j,m, ∀j,m, (13)

Rtotalj,m ≤ Pj,m, ∀j,m, (14)

T total
j,m ≤ Tj,m, ∀j,m, (15)

x ∈ {0, 1}|I|×|J |×|M|×|T |, (16)

φj,m,T total
j,m ∈ [0,T ], ∀j,m, (17)

y ∈ {0, 1}|I|×|J |×|M|. (18)

Here, α, β, and γ are tunable weighting coefficients that
balance the trade-offs between device utilization, latency,
and cost. Constraints (13)–(15) enforce per-task budget and
deadline limits, while (16)–(18) define variable domains and
feasibility bounds.

C. COMPLEXITY OF THE ALLOCATION AND SCHEDULING
PROBLEM
The joint optimization of task allocation, scheduling, and
reward minimization is NP-hard. We summarize the com-
plexity insights here, with full proofs provided in the
Supplementary Material.

1) NP-HARDNESS OF PROBLEM 1
We reduce from the Parallel Machine Scheduling Problem
(PMSP), where n jobs are assigned to p identical machines
with unit processing time to minimize makespan. We assume
unit task durations and zero communication delay in Prob-
lem 1, making it equivalent to PMSP. Therefore, Problem 1 is
NP-hard.
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2) NP-HARDNESS OF SUBPROBLEM 1
This subproblem reduces from the Set Cover Problem by
mapping:

• Universe U : the set of model layers Lm,
• Subsets S: devices i ∈ I , each capable of executing a
subset of layers li,j,m.

Finding the minimal device subset that covers all layers
while satisfying constraints is equivalent to solving Set Cover,
which is NP-hard.

3) NP-HARDNESS OF SUBPROBLEM 2
The scheduling subproblem with communication and com-
putational constraints resembles classical dependent task
scheduling with communication delays, shown to be NP-
hard [19], [20].

Traditional approximation algorithms offer theoretical
performance guarantees for NP-hard problems but are
often ineffective in dynamic, heterogeneous edge environ-
ments, particularly for LLM inference. The auction-based
mechanism proposed in Section V-A demonstrates adapt-
ability to varying device conditions through decentralized
decision-making, resulting in improved scalability. FCIM
is evaluated against state-of-the-art heuristic frameworks,
including HexGen, PipeEdge, and PipeDream. Detailed
comparative results are presented in Section VII.

V. ASSIGNMENT SUBPROBLEM
The assignment subproblem seeks to optimize ym (worker
device assignment) and lm (LLM layer allocation) to
minimizes theworker device usage alongside task completion
time and total rewards cost given to selected devices. This
optimization is subject to constraints on memory capacity,
budget, task allocation, and task completion time. The
subproblem is formally defined as:
Subproblem 1:

min
lm,ym

∑
j∈J

{
α
∑
i∈I

yi,j,m + βT total
j,m + γRtotalj,m

}
,

Subject to: ∀m ∈M,

Constraints: (8), (11), (13), (14), (18).

A. FAIR COST-EFFICIENT INCENTIVE MECHANISM (FCIM)
FCIM is a practical two-phase auction mechanism designed
to jointly allocate model layers and determine reward
payments for heterogeneous edge devices. For each client
request τj,m, devices respond with bid tuples bi,j,m =

(Pi,j,m, li,j,m,T comp
i,j,m ), where Pi,j,m is the proposed price,

li,j,m is the number of layers the device can process, and
T comp
i,j,m is the expected compute time based on local resource

availability.
Based on their capabilities, devices are categorized into

two groups:

• Full-model candidates (W ′): Devices for which li,j,m ≥
Lm.

• Partial contributors (W ′′): Devices offering li,j,m <

Lm, requiring collaborative assignment.
Each client j broadcasts its task τj,m to a subset of
neighboring devices W ⊆ I, which respond with their
respective bids. To evaluate bids, FCIM uses a normalized
scoring function that combines cost, latency, and allocation
efficiency. Specifically, scores are computed using per-layer
cost, latency, and load efficiency metrics. Each term is
normalized across the bidding devices using min-max scaling
to [0, 1] to ensure comparability across heterogeneous bids.
The reward mechanism adapts to system priorities. In cost-

sensitive scenarios (Case 1: γ > α + β), the W ′
device is paid based on the second-lowest price-per-layer
bid, ensuring incentive compatibility akin to a second-price
auction. In latency- or memory-dominated regimes (Case 2),
the reward is adjusted via a capped penalty that discourages
overbidding while guaranteeing non-negative utility.

Because the score uses the ratioCi = Pi,j,m/li,j,m (Eqs. (19)
and (20)), any deviation from the true layer capacity shifts Ci
just as changing the price would. Appendix A-C proves that
in both regimes (γ > α + β and γ ≤ α + β) raising Ci
(by under-reporting layers) strictly reduces expected utility,
while lowering Ci (by over-reporting layers) either lowers
the winning probability or, if selected, yields no utility gain
after the second-price or penalty-capped reward is applied
(App. A-C.1–A-C.3). Moreover, bids that exceed a device’s
physical capacity violate the memory constraint Mli,j,m ≤ Mi
(Eq. (12) and are discarded. Hence truthful reporting of both
price and layer capacity is a dominant strategy, establishing a
Nash equilibrium in FCIM.

1) ALGORITHM OVERVIEW
1) Initialization: Initialize selected device set SWj,m = ∅,

and total reward Rtotalj,m = 0.
2) Task Advertisement & Bidding: Client j announces

task τj,m. Each device i responds with (Pi,j,m, li,j,m,

T comp
i,j,m ).

3) Device Categorization: Place devices in W ′ or W ′′
based on whether li,j,m ≥ Lm.

4) Single-Device Assignment (ifW ′ ̸= ∅):
• Compute score for each i ∈W ′:

Scorei = β

(
T comp
i,j,m

li,j,m

)
norm

+ γ

(
Pi,j,m
li,j,m

)
norm

.

(19)

• Select device i∗ with minimum score and compute
reward using the second-lowest bid.

• Assign task if Rtotalj,m ≤ Pj,m.
5) Multi-Device Assignment (ifW ′ = ∅):

• Compute scores for i ∈W ′′:

Scorei = α

(
Lm
li,j,m

)
norm
+ β

(
T comp
i,j,m

li,j,m

)
norm

+ γ

(
Pi,j,m
li,j,m

)
norm

. (20)
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• Iteratively select devices with lowest scores until
all Lm layers are covered.

• Adjust selections if budget or deadline constraints
are violated.

6) Final Validation: Ensure all constraints are satisfied;
update assignments and compute total reward.

FCIM enables both cost-awareness and fairness by
rewarding devices based on competition (second-best bid)
and incorporating compute-time, memory limits, and task
size into the bidding strategy. It ensures individual rationality,
supports partial participation from diverse devices, and
adapts to real-time pricing dynamics across heterogeneous
edge environments.

B. REWARDING MECHANISM AND UTILITY ANALYSIS OF
FCIM
To promote truthful bidding and ensure positive utility
for participating devices, FCIM incorporates a reward
mechanism tailored to realistic system priorities—whether
dominated by cost, latency, or memory efficiency. While
FCIM is not directly derived from dominant-strategy
incentive-compatible (DSIC) or Bayesian incentive-compati-
ble (BIC) auction frameworks such as VCG or Myerson
mechanisms, it is pragmatically motivated by second-price
logic and includes safeguards for positive utility under
practical edge constraints.

We present the reward function and analyze the resulting
utility under two representative configurations of the scoring
weights α, β, and γ .

1) REWARD FUNCTION AND DEVICE UTILITY
Recall that device scores are computed using (20), where:

• α emphasizes layer-handling efficiency,
• β prioritizes computation time efficiency,
• γ captures cost-per-layer efficiency.

The utility of a winning device i∗ is defined as:

Ui∗,j,m = Ri∗,j,m − Pi∗,j,m, (21)

where Ri∗,j,m is the reward received and Pi∗,j,m is the device’s
declared cost.

2) CASE 1: COST-DOMINATED SETTINGS (γ > α + β)
When cost-per-layer is the dominant priority, the score is
minimized primarily through the term Pi,j,m

li,j,m
, and the W ′

device i∗ is the lowest-cost bidder. The reward follows a
second-price structure:

Ri∗,j,m =
Pv,j,m · li∗,j,m

lv,j,m
, (22)

where v denotes the second-best bidder. This formulation
guarantees positive utility since the W ′ device’s payment is
benchmarked to a higher or equal cost-per-layer from another
bidder.

3) CASE 2: LATENCY- OR MEMORY-DOMINATED SETTINGS
(γ ≤ α + β)
In this regime, scoring is influenced more heavily by
layer-handling and computation time. As a result, the winning
device may not be the cheapest, and the second-price formula
in Equation (22) can result in negative utility.
To address this, we modify the reward function to

incorporate both a protective lower bound and a penalization
mechanism that discourages overbidding:

Ri∗,j,m

= max
(
Pv,j,m · li∗,j,m

lv,j,m
, Pi∗,j,m

)
−max

(
0, min

(
δ · li∗,j,m ·

(
Pi∗,j,m
li∗,j,m

− Pavg

)
, Rsafe

))
(23)

where Pavg is the average cost-per-layer of all other bidders:

Pavg =
1

|W| − 1

∑
z̸=i∗

Pz,j,m
lz,j,m

,

and Rsafe is an upper bound on the penalty, ensuring non-
negative utility:

Rsafe = max
(
Pv,j,m · li∗,j,m

lv,j,m
, Pi∗,j,m

)
− Pi∗,j,m.

This reward formula ensures:

• A lower bound at the device’s declared cost,
• A penalty only if the proposed cost-per-layer exceeds
Pavg,

• A capped penalty to preserve individual rationality.

In (23) δ parameter appears within the penalty component:

δ · li∗,j,m ·
(
Pi∗,j,m
li∗,j,m

− Pavg

)
,

which quantifies how much more (per-layer) a winning
device has requested compared to the system-wide average.
The parameter δ ∈ R≥0 is a dimensionless penalization
coefficient that linearly scales this deviation. In other words,
one unit of δ increases the per-layer penalty by one credit
for every unit of cost inflation. Conceptually, δ represents the
fraction of cost inflation that the system chooses to penalize.

We emphasize that δ only affects the magnitude of the
penalty and does not alter the structure of the reward formu-
lation or the truthfulness guarantees. That is, the mechanism
remains incentive-compatible for any nonnegative value of δ,
so long as the total penalty remains bounded by Rsafe.

Please refer to Appendix E-B for the impact of the penalty
parameter δ on performance metrics, including total cost,
fairness indices for rewards and layers, and total processing
time.

Due to space constraints, the proofs of positive utility
in Case 1 and 2 are deferred to Supplementary A-B1, and
Supplementary A-B2, respectively.
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C. TRUTHFULNESS AND NASH EQUILIBRIUM IN FCIM
In practical distributed edge networks, implementing
fully Dominant Strategy Incentive-Compatible (DSIC)
mechanisms is often infeasible due to communication
latency, asynchronous responses, and dynamic system con-
ditions. As a result, FCIM prioritizes operational robustness
and empirical truthfulness over strict theoretical optimality.
Its multi-case reward formulation promotes fair behavior
while accounting for real-world constraints such as memory
bottlenecks and cost sensitivity.

While detailed proofs are provided in Supplementary A-C,
we outline the key ideas below:

Case 1: The winner’s reward is defined as

Ri∗ =
Pv · li∗

lv
> Pi∗ ,

yielding utilityU = Ri∗−Pi∗ > 0. Bidding abovePi∗ reduces
the chance of winning, encouraging truthful bids.

Case 2: The penalty term in reward equation (20) is
bounded such that Ri∗ ≥ Pi∗ , guaranteeing U ≥ 0 regardless
of the bid. Since neither under- nor over-bidding increases
utility, truthful bidding remains a dominant strategy.

VI. SCHEDULING SUBPROBLEM
Given the optimal device assignment y∗m and layer allocation
l∗m obtained via the FCIM mechanism, we now aim to
determine an execution schedule xm that minimizes total
completion time while respecting resource, communication,
and deadline constraints.

Subproblem 2: Task Scheduling Optimization

min
xm

∑
j∈J

{
βT total

j,m + γRtotalj,m

}
, ∀m ∈M

Subject to: (4)−−(7), (9), (12), (15)−−(17)

Note that since the assignments y∗m and l∗m are fixed, the
term involving

∑
i yi,j,m in the original objective becomes

constant and is excluded from this subproblem.
Subproblem 2 is a generalization of classical multiproces-

sor scheduling with added complexity from:

• inter-device communication delays,
• deadline constraints,
• and layer-wise dependencies across a distributed
pipeline.

These factors collectively render the problem NP-hard,
as detailed in the proof provided in Appendix A-A4.

To address this, we propose a preemptive scheduling
algorithm—ADSA—that dynamically assigns time slots
to tasks while minimizing the overall completion time.
ADSA accounts for task arrival times, device avail-
ability, execution durations, and communication delays.
By prioritizing tasks nearing their deadlines and lim-
iting preemptions, the algorithm balances efficiency
and deadline compliance in real-time edge inference
scenarios.

A. COMPUTING THE ARRIVAL TIME FOR SELECTED
WORKER DEVICE
Consider SWj,m = {d1, d2, . . . , dh, . . . , dw} as the set of
sekectet worker devices using FCIM for client j. This set
ordered such that device di precedes di+1. The computation
time at each selected device di, T

comp
di,j,m, is calculated using (28)

in Appendix B-A, and the transmission time between
consecutive devices di and di+1, T comm

di−di+1,j,m
, is obtained

using (29) in Appendix B-B. The arrival time of the task from
client j processed by LLM m at device dh can be calculated
as follows:

T arrival
h,j,m = T comm

j−d1,j,m +

h−1∑
i=1

(
T comp
di,j,m + T

comm
di−di+1,j,m

)
,

where:

•

∑h−1
i=1 T

comp
di,j,m represents the total computation time of

devices from d1 to dh−1 in SWj,m,
•

∑h−1
i=1 T

comm
di−di+1,j,m

represents the total transmission time
between consecutive devices from d1 to dh,

• T comm
j−d1,j,m

denotes the transmission time from client j to
the first selected device d1 in the set SWj,m.

Given a set of tasks τm = {τ1,m, τ2,m, . . . , τJ ,m} from J
clients, each task τj,m is defined by the triple

τm = (T arrival
i,j,m ,T comp

i,j,m ,T comm
i,j,m ).

The objective is to schedule tasks on worker device i
to minimize total task completion time. To achieve this,
the Adaptive Dynamic Scheduling Algorithm (ADSA) is
proposed, which optimally schedules tasks by dynamically
adapting to varying computational and communication
demands. While based on classical real-time scheduling
principles (e.g., LLF, SRTF), ADSA integrates them in a task-
aware, memory- and transmission-conscious way tailored for
pipeline-parallel LLM inference. ADSA prioritizes deadline-
critical tasks, while defaulting to FCFS for non-critical tasks
under uniform arrivals. In contrast, when the arrival tasks
follow a non-uniform distribution, it starts with the task that
has the longest transmission time (LTT) to guarantee that
tasks with higher transmission time requirements meet their
deadlines. ADSA shows excellent suitability for real-time
edge computing due to its ability to work with various
workload patterns. A comprehensive review of Algorithm 1
and its properties, together with its advantages, is provided in
Supplementary E.

B. OVERCOMING THE LIMITATIONS OF CONVENTIONAL
SCHEDULING METHODS
The Adaptive Dynamic Scheduling Algorithm (ADSA)
addresses the limitations of conventional scheduling
approaches by combining their strengths while mitigating key
drawbacks—particularly in the context of edge-based LLM
inference.

Unlike LLF, which incurs high preemption overhead due to
frequent context switches, ADSA employs a low-preemption
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strategy that significantly reduces switching costs. It fea-
tures an adaptive prioritization mechanism that dynamically
adjusts task execution based on real-time task arrivals and
system state, ensuring robustness under variable loads and
device availability.

ADSA further improves efficiency by aligning task
execution with inter-task communication delays, enabling
effective overlap of computation and communication. This
makes it well-suited for resource-constrained, high-load edge
environments.

Task selection in ADSA is based on:

1) SLACK TIME
For each task τi,j, it computes1i,j = Tj−(t+T

comp
i,j +T

comm
i,j ).

If any 1i,j < 0, the most urgent task is prioritized.

2) VARIANCE-BASED STRATEGY SWITCHING
If no task is urgent, ADSA computes the variance of compute
and communication times across the queue. If the variance
is below a threshold ϵ, it applies First-Come-First-Serve
(FCFS); otherwise, it switches to Longest Transmission Time
(LTT) scheduling.

In contrast to SRTF, which may starve long-duration tasks,
ADSAmaintains fairness by balancing the scheduling of both
short and long tasks.

VII. SIMULATION RESULTS
This section presents simulation results in two parts. The first
part evaluates the proposed FCIM mechanism by comparing
it against benchmark methods from the literature for load
allocation and LLM distribution across heterogeneous com-
puting devices. The second part focuses on task scheduling
performance, demonstrating how ADSA outperforms both
static and dynamic baseline schedulers when deployed on a
single computing device.

A. EFFECTIVENESS OF FCIM IN ASSIGNMENT TASKS
We evaluate FCIM under two bidding scenarios. In Scenario
S1, GPU prices reflect real-world availability, simulat-
ing market-driven bids based on resource capacity (see
Appendix E-A). Scenario S2 introduces a more aggressive
setting, emphasizing competitive bidding by high-end
devices such as RTX 4090 GPUs, to assess FCIM’s robust-
ness under skewed participation conditions (Appendix E-B).
In our experimental setup, we used the scoring weights
α = 0.1, β = 0.3, and γ = 0.6. These parameters define the
priority balance between layer-handling efficiency, latency,
and cost in the FCIM scoring function in (20).
These values were selected based on empirical perfor-

mance profiling and reflect a regime where cost-per-layer
(γ ) is prioritized without fully ignoring latency and task
fairness. Specifically, the configuration satisfies γ > α + β,
classifying it as a cost-dominated scenario and invoking
the reward formulation of Equation (22). This prioritization
aligns with typical federated edge environments, where
resource-constrained systems often favor budget efficiency.

Algorithm 1 Adaptive Dynamic Scheduling Algorithm
(ADSA)
Require: Task list τi = {τi,j} for worker i, where each task

τi,j = (T arrival,T comp,T comm,Tj) includes arrival time,
computation time, communication time, and deadline.

Ensure: Optimal schedule x∗m, total completion time T total
j .

1: Initialize t ← 0, Q← ∅, x∗m← ∅, T
total
j ← 0

2: while τi or Q is not empty do
3: Add tasks with T arrival

≤ t to Q
4: Compute completion times Ci,j and urgency 1i,j =

Tj − Ci,j
5: Select Task:
6: if ∃1i,j < 0 then
7: τselected← argmin(1i,j) {Prioritize urgent task}
8: else if τcurrent is running then
9: τselected← τcurrent

10: else
11: Compute variancecomp, variancecomm
12: τselected← FCFS if uniform, else LTT strategy
13: end if
14: Execute:
15: Update t ← max(t,T arrival

selected)
16: Set start time tstart← t
17: Execute τselected and update t ← t + T comp

selected
18: Remove task if computation is complete
19: if Computation is finished then
20: Start transmission and update T total

21: Compute waiting time wselected and store inW
22: end if
23: end while
24: return x∗m,T total

To determine these values, we conducted a grid search
across several configurations of α+β+γ = 1. We observed
that:

• Raising γ above 0.6 consistently skewed allocation
toward the cheapest (often slowest) devices, increasing
deadline violations.

• Increasing β above 0.4 led to excessive emphasis on
fast devices, marginalizing low-cost participants and
reducing overall fairness.

• Assigning α above 0.2 caused unstable task splitting,
fragmenting layer allocations across too many GPUs.

The chosen values (0.1, 0.3, 0.6) yielded a balanced trade-
off: meeting deadlines, preserving fairness (as shown by
fairness indices in Section VII), and maintaining cost-
efficiency. These outcomes are visible in Figures 3–7.

We emphasize that these values are not fixed in the
FCIM design. The scoring weights are intentionally tunable,
allowing system administrators to shift priorities depending
on real-time constraints — such as minimizing latency
in live inference or maximizing cost-efficiency in batch
deployments.
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In our experiments FCIM is compared against three repre-
sentative baseline methods: PipeEdge [5], PipeDream [13],
and HexGen [6]. PipeEdge employs dynamic program-
ming for task partitioning but lacks fairness and cost-
awareness. PipeDream adopts a static pipeline parallelism
approach that limits flexibility under dynamic conditions.
HexGen improves inference latency through asymmetric
tensor parallelism, yet does not address fairness or incentive
compatibility.

The comparison focuses on several key performance met-
rics: total task completion time, total rewards distributed to
participating devices, inter-device communication overhead,
average memory usage, cost-effectiveness (layers per unit
reward), and fairness is quantified using a normalized Jain’s
fairness index over allocated layers and cumulative rewards
across devices. This captures the degree of equitable task and
payment distribution in heterogeneous environments.

The communication overhead and total processing time
metrics are computed using the following formulas across all
selected GPUs:

Comm. Overhead =
T comm
total

T comm
total + T

comp
total

,

T proc
total = T comm

total + T
comp
total .

Here, T comm
total is the total inter-device and client commu-

nication time, and T comp
total is the cumulative computation

time across selected GPUs. These metrics are averaged over
multiple simulation runs with different task sets and seeds.

To quantify FCIM’s advantage, we compute the processing
time reduction relative to each baseline using:

Reduction (%) =

(
T proc
strategy − T

proc
FCIM

T proc
strategy

)
× 100.

Experiments are conducted across three LLM architec-
tures of increasing complexity: GPT-Neo, GPT-3 13B, and
BLOOM, under diverse computational load conditions.

Layer allocation results for Scenarios S1 and S2 are
shaped by the bidding strategies, model complexity, and
the specific characteristics of each benchmark. Details of
the experimental setup are provided in Appendix D-A,
while memory usage and fairness results are reported in
Appendix E.

As illustrated in Figures 1 and 2, FCIM efficiently allocates
LLM layers by selecting a smaller number of GPUs with
higher memory capacity and lower bid costs. This strategy
leads to tighter pipeline formation and better resource
utilization across both bidding scenarios. In Scenario S1,
FCIM prefers RTX 4090 GPUs due to their lower cost-per-
layer, especially for larger models like BLOOM and GPT-3.
In Scenario S2, where cost dynamics are more aggressive,
FCIM adaptively shifts to lower-cost T4 GPUs for smaller
models like GPT-Neo, balancing performance and budget
constraints.

In contrast, PipeEdge consistently favors high-performance
GPUs regardless of cost, leading to suboptimal budget

FIGURE 1. Layer allocation heatmap (Scenario S1): RTX 4090 (GPUs 1–3),
T4 (GPUs 4–6).

FIGURE 2. Layer allocation heatmap (Scenario S2): RTX 4090 (GPUs 1–3),
T4 (GPUs 4–6).

utilization. HexGen exhibits fragmented and imbalanced
layer allocations, particularly under aggressive bidding (S2).
PipeDream maintains a balanced allocation strategy, but
its rigid pipeline design results in excessive inter-GPU
communication in both scenarios.

Figure 3 shows that FCIM achieves the lowest total cost
across all models and bidding configurations by dynamically
adapting to bid profiles and model requirements. This
cost-efficiency stems from minimizing both the number of
engaged GPUs and the cost-per-layer trade-off.

FCIM demonstrates superior fairness performance by
achieving the maximum fairness indexes for reward distribu-
tion and layer assignments according to Figure 6 and Figure 7.
The adaptive incentive mechanism of FCIM achieves

superior performance in Scenario S1 because it distributes
rewards fairly when RTX 4090 GPUs offer bids that are
lower than those of T4 GPUs. The uneven distribution of
workloads between high-performance GPU devices makes
PipeEdge achieve the lowest fairness metric through its
biased allocation system. HexGen achieves reasonable
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FIGURE 3. Total cost comparison across models and bidding scenarios.

FIGURE 4. Communication overhead comparison across benchmarks.

FIGURE 5. Total processing time comparison across benchmarks.

execution compared to FCIM since its predetermined allo-
cation methodology offers restricted flexibility.

FIGURE 6. Fairness index layers comparison for benchmarks across
different models and bidding scenarios.

FIGURE 7. Fairness index rewards comparison for benchmarks across
different models and bidding scenarios.

Furthermore, FCIM reduces communication overhead and
processing time, as demonstrated in Figures 4 and 5.

We emphasize that the results for Scenarios S1 and S2 are
calculated and presented independently. No aggregation or
stacking is used; each scenario’s communication overhead
and processing time are computed separately using the
defined metrics and plotted using distinct bars (dark for S1
and light for S2). While overlapping values may visually
appear stacked, the y-axis always starts from zero and no
summation occurs.

Although processing time slightly increases in S2 due to
reliance on lower-end GPUs, the trade-off remains favorable
under budget constraints.

Compared to HexGen, PipeDream, and PipeEdge, FCIM
reduces average communication overhead by 18.8%, 34.6%,
and 54.7%, respectively. It also achieves average reductions
in total processing time of 11.6%, 36.9%, and 27.8%.
These improvements reflect FCIM’s ability to maintain cost-
effectiveness, fairness, and adaptability across varying model
sizes, pricing conditions, and deployment scenarios.
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FIGURE 8. Comparison of task schedules for ADSA, FCFS, SRTF, LLF, and
optimal scheduling methods.

The adoption of higher bid submissions from RTX 4090
GPUs in S2 scenario leads to moderate deterioration of
fairness levels in FCIM. The competitive environment leads
GPUs to request more tasks since their reduced numbers
accept bidding jobs. FCIM maintains superior fairness
functionality when compared to PipeEdge and HexGen
because it combines worker selection dynamics with both
bidding information and available memory measurements.
The system supports balanced layer and reward distribution
through these mechanisms regardless of changes in the
operating environment.

FIGURE 9. Comparison of deadline margins for ADSA, FCFS, LLF, SRTF, and
optimal scheduling methods.

FIGURE 10. Comparison of waiting time in queue for ADSA, FCFS, LLF,
SRTF and Optimal scheduling methods through all sections of model.

FIGURE 11. Average memory utilization comparison for benchmarks
across different models and bidding scenarios.

Additional comparative results including cost efficiency,
average memory utilization comparisons and sensitivity
analysis comparisons are provided in Appendix E-B.

B. EFFECTIVENESS OF ADSA IN SCHEDULING TASKS
This subsection evaluates the performance of ADSA against
standard scheduling baselines, including Least Laxity First
(LLF) [16], [21], [22], Shortest Remaining Time First
(SRTF) [17], [23], and First-Come, First-Served (FCFS) [18].
LLF prioritizes tasks with minimal slack time to satisfy
real-time constraints but incurs high preemption overhead.
SRTF minimizes average turnaround time by prioritizing
shorter tasks, yet often results in starvation for longer ones.
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FIGURE 12. Cost efficiency comparison for benchmarks across different
models and bidding scenarios.

FIGURE 13. Total Energy Consumed comparison for benchmarks across
different models and bidding scenarios.

FIGURE 14. Sensitivity of cost, time, and fairness metrics to δ in
Scenario S2 with α = 0.4, β = 0.3, and γ = 0.3.

FCFS ensures fairness in task order but suffers from the
convoy effect and inefficient resource usage.

To establish an upper bound, an optimal scheduler is
implemented using the PULP-CBC solver, where tasks
are treated as atomic units, and constraints on deadline,
execution time, and post-computation transmission are

FIGURE 15. Sensitivity analysis of total cost vs α/β at fixed values of γ .

FIGURE 16. Sensitivity analysis of fairness (layers) vs α/β at fixed values
of γ .

FIGURE 17. Sensitivity analysis of fairness (rewards) vs α/β at fixed
values of γ .

explicitly enforced. This allows comparison against a theoret-
ically ideal, deadline-respecting scheduler under simplified
conditions.

Figures 8–10 provide a comprehensive evaluation of
ADSA compared to four baseline schedulers: FCFS, LLF,
SRTF, and an Optimal solver-based schedule.

Figure 8 illustrates the task execution timelines for
each scheduling method. ADSA maintains compact, non-
overlapping schedules withminimal idle time and no deadline
violations. In contrast, FCFS and LLF introduce idle gaps
and frequent preemptions, respectively. SRTF improves task
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FIGURE 18. Sensitivity analysis of total processing time vs α/β at fixed
values of γ .

turnaround but causes starvation for longer tasks—Task 4, for
instance, misses its deadline. The Optimal schedule, while
meeting all deadlines, assumes idealized conditions not easily
reproducible in dynamic systems.

Figure 9 shows the deadline margins (i.e., deadline
minus transmission completion) for each task under different
scheduling policies. ADSA consistently ensures non-negative
margins, confirming deadline compliance across all tasks.
SRTF and FCFS exhibit deadline violations in several cases,
most notably for Task 4 and Task 5, reinforcing their
unreliability under time-constrained workloads.

Figure 10 compares average waiting times. While SRTF
yields slightly lower queue times, it does so at the cost
of fairness and deadline violations. ADSA strikes a better
balance—reducing waiting time by 39.57% and 38.59%
compared to FCFS and LLF, respectively—while preserving
deadline satisfaction.

ADSA’s design—combining deadline awareness, low
preemption overhead, and adaptive prioritization—enables it
to maintain both efficiency and robustness under dynamic
and heterogeneous scheduling conditions. The experimental
setup for these evaluations is detailed in Appendix D-B.

VIII. CONCLUSION
This paper addresses two core challenges in edge-based
LLM inference: (1) designing a cost-efficient, fairness-aware
incentive mechanism for task assignment, and (2) developing
a deadline-aware, low-overhead scheduling strategy for
dynamic execution environments.

To this end, we introduced the Fair Cost-Efficient Incentive
Mechanism (FCIM), which adaptively allocates model layers
based on device availability, memory constraints, and bidding
costs. FCIM minimizes a weighted objective that balances
task completion time, total reward cost, and the number
of devices used. It significantly reduces communication
overhead and achieves up to 54.7% improvement in total
cost compared to state-of-the-art methods such as HexGen,
PipeDream, and PipeEdge.

We also proposed the Adaptive Dynamic Scheduling
Algorithm (ADSA), which combines deadline sensitivity

with low preemption and efficient queuemanagement. ADSA
outperforms classical schedulers like FCFS and LLF by
reducing waiting time by up to 39.6% without violating task
deadlines—a weakness observed in SRTF.

Overall, the proposed methods demonstrate reliable,
flexible, and scalable performance across diverse models,
hardware configurations, and bidding scenarios. Future work
may extend these frameworks to multi-tenant environments
and consider reinforcement learning-based adaptive bidding
strategies for more dynamic edge participation.
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APPENDIX A MATHEMATICAL PROOFS
A. NP-HARDNESS PROOFS
1) NP-HARDNESS PROOFS FOR PROBLEM 1
Problem 1 derives its computational complexity via a
polynomial-time reduction from the known NP-hard Parallel
Machine Scheduling Problem (PMSP). PMSP involves
assigning n jobs across p parallel machines, where each
machine processes only one job at a time and each job
requires a fixed processing time of q = 1. The main goal
of PMSP is to minimize the makespan, i.e., the total time
needed to complete all jobs, as discussed in the work by
Pang et al. [24].
To align Problem 1 with PMSP, we introduce two

simplifying assumptions: (1) zero communication delays
between worker devices, and (2) uniform task processing
time of one unit for all clients. These assumptions reduce
the problem scope to pure task allocation, mirroring the
job distribution process in PMSP. Under these settings, the
number of tasks J equals the number of devices I , and
the processing time for each is uniformly q = 1.

This transformation shows that solving Problem 1 is at
least as hard as solving PMSP since each PMSP instance
can be reduced to a corresponding instance of Problem
1 in polynomial time. As PMSP is already proven to be
NP-hard [24], [25], Problem 1 inherits this intractability.
Consequently, the allocation and scheduling problem for
LLM inference in heterogeneous edge environments remains
computationally hard in general, highlighting the need for
heuristic or approximation-based approaches.

Additionally, the objective of Problem 1, which is to
minimize α

∑
i∈I yi,j,m + βT total

j,m + γRtotalj,m , aims to jointly
optimize the number of worker devices utilized

∑
i∈I yi,j,m,

the total task completion time T total
j,m , and the total rewards

Rtotalj,m . This combined optimization further underscores the
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computational complexity of Problem 1, reinforcing its NP-
hardness, analogous to PMSP.

2) NP-HARDNESS PROOFS FOR SUBPROBLEM 1
Subproblem 1 can be shown to be NP-hard by a reduction
from the well-known Set Cover Problem, which is a classical
NP-hard problem in combinatorial optimization [26]. The Set
Cover Problem is defined as follows: Given a finite universe
U and a collection S of subsets of U , the goal is to identify
the smallest sub-collection of S whose union equals U .

This reduction is achieved by mapping the components of
the Set Cover Problem to the elements of Subproblem 1 as
follows:

• The universe U corresponds to the set of model layers
Lm that must be processed.

• The subsets S represent the available worker devices i ∈
I.

• Each subset in S denotes the set of layers li,j,m that a
device i can handle for the task τj,m, based on its memory
and computation constraints.

The goal in Subproblem 1 is to cover all layers of
the requested model m using a subset of devices, while
minimizing a combination of task completion time and total
reward cost. This is analogous to selecting the minimum
number of subsets in Set Cover that collectively cover all
elements in U .
Since any instance of the Set Cover Problem can be

reduced in polynomial time to an instance of Subproblem 1,
and Set Cover is known to be NP-hard, it follows that
Subproblem 1 is also NP-hard.

The computational complexity of Subproblem 1 further
increases due to its combinatorial nature. As the number of
tasks |J |, devices |I|, and model layers Lm grows, the space
of possible allocations expands exponentially. Additionally,
optimizing over multiple performance metrics—such as task
completion time T total

j,m and total reward Rtotalj,m —makes finding
exact solutions infeasible for large-scale deployments. This
justifies the use of heuristic or approximation algorithms in
practice.

3) DETAILED FCIM ALGORITHM
Please refer to Algorithm 2 and Algorithm 3 for details of the
FCIM algorithm.

4) NP-HARDNESS PROOFS FOR SUBPROBLEM 2
The computational difficulty of Subproblem 2 can be
determined through established scheduling theory findings.
Multiple journal articles demonstrate that scheduling
systems consisting of communication and computational
constraints remains a computationally challenging prob-
lem. The incorporation of non-uniform execution times
and communication delays turns dependent task schedul-
ing into an NP-hard problem according to Ali and
El-Rewini [19]. The calculation of response time becomes
an NP-hard problem when performed on systems that have

Algorithm 2 Fair Cost-Efficient Incentive Mechanism – Part
1: Single-Device Selection
Input: Set ofWorker devices I, ClientsJ , Requested LLMs

M, Task details τj,m = {Sj,m,Pj,m,Tj,m}.
Output: Selected devices SWj,m, Assigned layers l∗m, Device

map y∗m
1: Initialize W ′ ← ∅, W ′′ ← ∅, SWj,m ← ∅, L ← 0,
Rtotalj,m ← 0

2: for j ∈ J do
3: Announce task τj,m to devices W ⊆ I; collect bids

bi,j,m = {Pi,j,m, li,j,m,T compi,j,m },∀i ∈W
4: for i ∈W do
5: if li,j,m ≥ Lm then
6: W ′←W ′ ∪ {i}
7: else
8: W ′′←W ′′ ∪ {i}
9: end if

10: end for
11: ifW ′ ̸= ∅ then
12: Compute score for each device using Equation (19),

∀i ∈W ′
13: Select i∗ = argmin{Scorei}
14: if γ > α + β then
15: Set Ri∗,j,m using Equation (22)
16: else
17: if

Pi∗,j,m
li∗,j,m

= min
{
Pi,j,m
li,j,m

}
then

18: Set Ri∗,j,m using Equation (22)
19: else
20: Set Ri∗,j,m using Equation (23)
21: end if
22: end if
23: Rtotalj,m ← Rtotalj,m + Ri∗,j,m
24: SWj,m← SWj,m ∪ {i∗}, L ← L + li∗,j,m
25: if Rtotalj,m < Pj,m then
26: Set yi∗,j,m = 1, yi,j,m = 0, ∀i ∈W ′ \ {i∗}
27: end if
28: end if
29: end for

communication overhead according to Eisenbrand and
Rothvoß [20] particularly when completion times opti-
mization is pursued. Norman et al. [27] established that
the scheduling process across multiple devices transforms
into NP-hard problems when the objective is to minimize
makespan despite incorporating processing time together
with inter-device communication.

Subproblem 2 contains several aspects from previous
models while adding features for pipeline parallel execution
and integrated computation and communication delays across
disparate devices. The research studied static scheduling
frameworks but Subproblem 2 introduces additional com-
plexity because it requires handling dependent relationships
among sequential layers that spread across several edge
devices. The architecture requires each device to process

VOLUME 13, 2025 131629



S. Habibi, O. Ercetin: Edge-LLM Inference With Cost-Aware Layer Allocation and Adaptive Scheduling

Algorithm 3 Fair Cost-Efficient Incentive Mechanism – Part
2: Multi-Device Selection
Output: Remaining allocations for SWj,m, y∗m, R

total
j,m

1: for j ∈ J whereW ′ = ∅ do
2: Compute score for each device using Equation (20),
∀i ∈W ′′

3: SortW ′′ by ascending Scorei
4: Assign devices from sortedW ′′ to SWj,m until L ≥ Lm

5: for each selected z ∈W ′′ do
6: if γ > α + β then
7: Set Rz,j,m using Equation (22)
8: else
9: if Pz,j,mlz,j,m

= min
{
Pi,j,m
li,j,m

,∀i ∈W ′′
}
then

10: Set Rz,j,m using Equation (22)
11: else
12: Set Rz,j,m using Equation (23)
13: end if
14: end if
15: Update L ← L + lz,j,m, Rtotalj,m ← Rtotalj,m + Rz,j,m
16: Compute T total

j,m
17: if T total

j,m > Tj,morRtotalj,m > Pj,m then
18: Remove z from SWj,m and revert to line 3
19: else
20: Set yz,j,m = 1, yi,j,m = 0, ∀i ∈W ′′ \ {z}
21: end if
22: end for
23: end for

a model segment followed by passing its output to the
subsequent device thus creating intricate relations among task
scheduling.

Extensive search becomes impossible due to the rapidly
multiplying number of feasible scheduling options when
tasks and devices rise in numbers. Additionally the prob-
lem becomes more challenging with dynamic task arrival
patterns and diverse device capabilities and strict deadline
constraints. Large-scale implementations prevent the use of
exact solutions to address Subproblem 2. The evaluation
demonstrates that Subproblem 2 belongs to the NP-hard
classification which highlights why practical deployment
requires approximationmethods instead of exhaustive search.

B. PROOF OF POSITIVE UTILITY
1) PROOF OF POSITIVE UTILITY IN FCIM FOR CASE1
When cost efficiency is prioritized, and γ dominates α +

β, the optimization problem gives more importance to the
cost-per-layer term Pi,j,m

li,j,m
. The winning device i∗ is therefore

selected based on its ability to provide the lowest cost-per-
layer, denoted as:

Ci∗ =
Pi∗,j,m
li∗,j,m

. (24)

The reward for the winner is determined by the second
winner’s price-per-layer:

Cv =
Pv,j,m
lv,j,m

, (25)

scaled to the number of layers handled by the winner li∗,j,m to
formulize Equation (18) in the paper. Since the winner i∗ has
the lowest cost-per-layer Ci∗ , it follows that Cv > Ci∗ for the
second winner v. Consequently:

Pv,j,m
lv,j,m

>
Pi∗,j,m
li∗,j,m

. (26)

When scaled to the layers handled by the winner, the reward
ensures:

Ri∗,j,m =
Pv,j,m · li∗,j,m

lv,j,m
> Pi∗,j,m. (27)

This inequality ensures that the reward always exceeds the
cost of the winner, and consequently, the utility is always
positive.

2) PROOF OF POSITIVE UTILITY FOR CASE2
The rewarding formula proposed in Equation (20) provides
a guaranteed positive reward value to the winner device.
The first term provides the device with a minimum payment
that exceeds its proposed or the scaled value of the
second winner’s price, thus establishing a minimum payment
threshold. The penalty term penalizes the given reward when
the winner’s proposed price per layer surpasses the average
proposed price per layer of the participants. The deliberate
penalty enforces Rsafe, defined as the difference between
the winner’s baseline reward and its own proposed price,
which works as an upper threshold on the penalty amounts
and ensures even in the worst-case scenario, the penalty
cannot reduce the reward below the winner’s bid since the
utility (reward minus bid) remains positive. This structure
guarantees that the winning device always receives at least
as much as its bid, providing positive utility and preserving
the incentive for honest participation.

C. TRUTHFULNESS AND NASH EQUILIBRIUM IN FCIM
1) PROOF OF TRUTHFULNESS FOR CASE1
In Case 1 when γ > α + β cost efficiency dominates the
optimization problem, the score is dominated by the cost-per-
layer term Pi,j,m

li,j,m
, and devices with the lowest cost-per-layer

have a higher likelihood of winning. Consider a device i with
a truthful bid Pi,j,m and an alternative strategy of overbidding
P′i,j,m > Pi,j,m or underbidding P′i,j,m < Pi,j,m:
• Overbidding: When the device overbids, its cost-per-

layer increases as C ′i =
P′i,j,m
li,j,m

>
Pi,j,m
li,j,m

. Since the score is
primarily influenced by the cost-per-layer, the increased
C ′i reduces the likelihood of winning. Even if the device
wins, the reward Ri∗,j,m remains tied to the second
winner’s price and the utility Ui∗,j,m = Ri∗,j,m−P′i,j,m is
lower than truthful bidding because Ri∗,j,m is unaffected
by P′i,j,m.
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• Underbidding: When the device underbids, C ′i =
P′i,j,m
li,j,m

<
Pi,j,m
li,j,m

, which improves the score and increases
the chances of winning. However, the reward Ri∗,j,m
remains tied to the second winner’s price, and there is
no additional gain in utility. Hence, underbidding does
not provide any benefit.

Truthful bidding maximizes the utility and is therefore a
dominant strategy.

2) PROOF OF NASH EQUILIBRIUM FOR CASE1
For truthful bidding to be a Nash equilibrium, no device can
unilaterally improve its utility by deviating.When γ > α+β,
the reward ensures Ri∗,j,m ≥ Pi∗,j,m and any deviation from
truthful bidding (overbidding or underbidding) as mentioned
earlier either reduces the chances of winning or does not
increase the utility. Thus, truthful bidding satisfies Nash
equilibrium.

Truthful bidding ensures a Nash equilibrium when no
device can gain more utility by changing its bid alone. When
γ > α+β, the reward guarantees that thewinner earns at least
its bid. Any deviation (overbidding or underbidding) either
decreases the chance of winning or does not improve the
utility. Therefore, truthful bidding remains the best strategy,
satisfying the Nash equilibrium condition.

3) PROOF OF TRUTHFULNESS FOR CASE2
In this section, the truthfulness of the rewarding mechanism
using (20) will be proved as follows:

a: TRUTHFUL BIDDING
If a device proposes its true cost-per-layer and if it wins, its
utility is obtained as:

Ui∗,j,m = Ri∗,j,m − Pi∗,j,m

Since the first term in (20) guarantees the reward is at least
the device’s bid, and the second term only applies a penalty
if the bid is above average, a truthful bid receives either no
penalty (if proposed cost-per-layer ≤ Pavg), resulting in full
reward, or it will receive a bounded penalty (if cost-per-layer
> Pavg), that still guarantees non-negative utility due to the
Rsafe cap.
Therefore, truthful bidding either results in maximum or

fair reward with safe utility.

b: UNDERBIDDING
Now assume the device reduces its proposed bid: P′i∗,j,m <

Pi∗,j,m. Then its score increases, improving its chances of
winning. If it wins, it receives a reward at least equal to its
proposed bid. If P′i∗,j,m > Pavg, the penalty still applies.
If P′i∗,j,m < Pavg, the penalty is zero, and the reward
is determined based on the first term and it receives at a
maximum according to the second winner’s proposed price.
Hence, underbidding offers no gain.

c: OVERBIDDING
Suppose a device overbids by P′i∗,j,m, where P

′
i∗,j,m > Pi∗,j,m.

Then its score decreases, reducing its chances of winning, and
if it still wins, its proposed price P′i∗,j,m potentially exceeds
Pavg, causing a larger penalty.
Hence, overbidding will not be beneficial.
Thus, in all three analyzed cases, including truthful,

overbidding, and underbidding, truthful bidding either gives
the highest or safest utility for the winning device. However,
dishonest bidding lowers the chance of winning or the utility.
So, the reward mechanism encourages truthful bids, proving
it is truthful. Hence, the equation (20) incentivizes truthful
bidding.

4) PROOF OF NASH EQUILIBRIUM FOR CASE 2
To prove that Equation (20) satisfies Nash equilibrium,
we must show that any winner cannot receive higher utility
by unilaterally deviating from its truthful bidding strategy.

a: NASH EQUILIBRIUM DEFINITION
A Nash equilibrium exists in bidding when each device
maintains its current bid strategy because no one can achieve
higher utility from altering their price while other devices
remain static.
As shown in the proof of truthfulness, the reward formula

ensures that:

• The device receives the complete reward without any
penalty when its price-per-layer proposal is equal or
lower than the average value of Pavg.

• The device receives a bounded penalty which is limited
by Rsafe when its price-per-layer exceeds Pavg.

In both cases, bidding truthfully gives the highest or at least
a safe, non-negative utility. A winning device that places a
higher bid than its competitors will experience a reduction
in its score because of which it faces lower chances of
winning. When a device underbids, it earns better score to
win and if it wins, a penalty remains active when the underbid
extends beyond Pavg threshold. The reward provided with
such underbids becomes so small that utility can turn out to
be less suitable than honest bidding competition.
No device following a rational strategy will deviate from

their truthful bid since any deviation leads to either a reduced
utility or lower chances of winning in the mechanism.
In Case 2 the truthful bidding strategy establishes a Nash
equilibrium.

APPENDIX B COMPUTATION AND TRANSMISSION TIME
MODELS WITH JUSTIFICATION OF MEMORY
REQUIREMENTS
In this paper we divide the time into discrete periods named
St , which simplifies into units S0 = [0, 1] and St = (t, t + 1]
for t = 1, . . . ,T . T = |T | defines the total number of slots
in time horizon T . The parameter T is considered as an upper
bound for the task completion time.
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A. COMPUTATION TIME
The computation time is expressed as follows:

T compi,j,m,l

=
12H2

mBtypeS
out
i,j,m,l

mi
+

24bj(S ini,j,m,l + S
out
i,j,m,l)H

2
m

ci
(28)

The computation time T comp
i,j,m,l , defined in Equation (28),

represents the number of time slots required by worker device
i to process layer l of modelm for client j. It captures the main
computational stages in transformer models, specifically
memory bandwidth usage and matrix multiplications.

The first term of equation (28),
12H2

mBtypeS
out
i,j,m,l

mi
, reflects the

memory transfer time, where mi refers to the bandwidth of
device i,Hm refers to the hidden dimension size,Btype denotes
the byte size of the numerical precision (e.g., FP16 or FP32),
and Souti,j,m,l denotes the output sequence length of layer l.

The second term of the equation (28),
24bj(S ini,j,m,l+S

out
i,j,m,l )H

2
m

ci
,

models the compute time required for matrix operations in
the attention and feedforward layers. Here, bj refers to the
task’s batch size, ci denotes the compute capacity of device i
(in FLOP/s), and S ini,j,m,l , S

out
i,j,m,l refers to the input and output

sequence lengths in bytes. Together, these terms provide
a detailed formula to estimate the computation cost for
inference using transformer-based models on edge devices.

This equation is designed based on proposed com-
putational models for transformer architectures, similar
to those used in works like HexGen [6]. The equation
estimates time-requiring transformer-specific parameters.
By incorporating model-related factors (H2

m,Btype) and
device-specific capabilities (mi, ci), the proposed formula
offers a practical and accurate approximation of computation
time. Although it does not explicitly account for overheads,
including memory latency or scheduling delays, these are
very small in general compared to the main computational
workload.

The total number of time slots required by device i to
process the task of the client j based on the number of layers
assigned from model m is given by:

T compi,j,m =
∑
l∈Lm

T compi,j,m,l, (29)

B. COMMUNICATION TIME
The communication time T comm

i−i′,j,m represents the total time
required to transmit intermediate results between two consec-
utive devices i and i′ in the pipeline while performing client
j’s task using model m. It is expressed as:

T comm
i−i′,j,m =

bjHmBtypeS ini,j,m,l

βi−i′ (t)
+
bjHmBtypeSouti,j,m,l

βi−i′ (t)
, (30)

where the first term accounts for the transmission time during
the prefill phase, transmitting input data, and the second term
corresponds to the decoding phase, transmitting intermediate
results. Here, βi−i′ (t), the time-varying transmission rate,

accounts for channel dynamics and is modeled under
Rayleigh fading as:

βi−i′ (t) = Bi ·W · log2

(
1+

Pihi−i′ (t)

W
(
N0 + Ii−i′

)) , (31)

where Bi = BS
I is the portion of resource blocks allocated to

device i, W represents the bandwidth associated with each
resource block, Pi denotes the transmit power of device i,
N0 is the noise power spectral density, Ii−i′ is the interference
power on the link between i and i′, and hi−i′ (t) is the channel
gain at time t , modeled as a Rayleigh random variable.

The Rayleigh fading model provides an excellent fit for
wireless network channel behavior changes thus making it
valuable for edge computing systems. The model enables
researchers to properly replicate the realistic variations that
occur in signal communication within dense and hetero-
geneous networks. Real-time operations in such conditions
benefit from the use of expected transmission rates under
Rayleigh fading channel conditions.

E[βi−i′ ] = Bi ·W · E

[
log2

(
1+

Pihi−i′ (t)

W
(
N0 + Ii−i′

))] . (32)

This method detects variations which occur dynamically in
communication channels to give edge-based LLM inference
its realistic communication model. The method utilizes
predicted channel trends as a means to achieve realistic wire-
less performance replication through simplified processing
requirements.

C. JUSTIFICATION OF MEMORY REQUIREMENTS
The memory requirement Mli,j,m for executing li,j,m layers of
model m on device i is derived to encompass three critical
components, capturing all aspects of memory utilization in
transformer-based computations. The first term, 12H2

mBtype,
represents thememory required to store themodel parameters
for each transformer layer. These parameters include weight
matrices for the self-attention mechanism (query, key, and
value matrices) and the feedforward network, both of
which scale with the hidden dimension Hm. The quadratic
dependence onHm arises because transformer layers perform
matrix multiplications that involve the Hm × Hm parameter
matrices.

The byte size variable Btype determines numeric compu-
tation precision (each value contains 4 bytes for FP32 and
2 bytes for FP16) to generate precise parameter memory
estimates in each layer according to [6].

This second term describes the memory space required
for storing intermediate results (activations) during forward
and backward passes through the expression 2bj(S ini,j,m +
Souti,j,m)HmBtype. The memory consumption of this step is
defined by the multiplication of sequence sizes S ini,j,m and
Souti,j,m with the product of the batch size bj and hidden
dimension Hm.
The entire layer memory needs amount to 12H2

mBtype +
2bj(S ini,j,m+S

out
i,j,m)HmBtype because this shows how parameters
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and activation memory requirements combine for efficient
variable-length LLM workload management.

The third memory term has the value 4bj(S ini,j,m +
Souti,j,m)HmBtype and is dedicated to activation caches that store
intermediate results while conducting the inference forward
pass. The activation caches require a set amount of memory
to operate independently of the number of layers in order to
maintain data flow in the execution pipeline.

The memory consumption analysis of transformer-based
models for inference is represented in Equation (7). The
memory system consists of three main elements where
parameters and intermediate results and a set of fixed
overhead costs are stored. The memory consumption model
borrows concepts fromHexGen [6] to evaluate edge inference
needs precisely. Training features including checkpointing
together with gradient accumulation are not part of the
analysis because they are exclusive to training operations.

APPENDIX C COMPLEXITY ANALYZE
A. COMPLEXITY OF FCIM + ADSA
The FCIM+ADSA framework unifies two elements that
combine the Fair Cost-Efficient Incentive Mechanism
(FCIM) for resource allocation with the Adaptive Dynamic
Scheduling Algorithm (ADSA) for task scheduling on each
device.

1) FCIM COMPLEXITY
The Fair Cost-Efficient Incentive Mechanism’s function
involves assessing devices along with sorting them while
performing checks on allocation limits. FCIM requires O(J ·
I3) complexity for dominant costs that include the execution
time of sorting and scoring measures when J represents the
client numbers and I stands for edge device numbers.

2) ADSA COMPLEXITY
End devices manage their workload through ADSA which
performs live task scheduling operations for each device
along with queue administration functions as well as deadline
enforcement and scheduling priority system. Sorting the
task queue consumes the greatest amount of overhead and
generates O(N 2) complexity when there are N tasks.

3) COMBINED COMPLEXITY
FCIM+ADSA delivers combined complexity of O(J ·
I3 + N 2) which constitutes a real-time feasible polynomial
function. The heuristic nature of the framework allows
near-optimal performance with scalability and efficiency
when run on dynamic edge systems because it bypasses the
exponential complexity of ILP/MILP (O(N 3

· 2N )).
FCIM+ADSA functions differently from static models

including Megatron-LM [28] or PipeDream [13] because it
uses real-time resource availability to dynamically allocate
layers and tasks. Dynamic allocation functions in the
algorithm lower the delays caused by workload imbalances
and staleness in distributed processing. Static workload

distribution within FCIM+ADSA system enables improved
performance of heterogeneous pipelines across devices.

Genetic algorithms make dynamic scheduling more popu-
lar due to their ability to produce high-quality near-optimal
solutions when using crossover and mutation patterns [29],
[30]. GAs require substantial computational resources due
to their complexity O(N × g) which includes g generations
and therefore are not ideal for dynamic systems that need
immediate adjustments.

The FCIM+ADSA system performs near-optimal resource
allocation and task scheduling through its hybrid auction
protocol and real-time scheduling approach at decreased
computational complexity rating ofO(J ·I3+N 2). Because of
its design FCIM+ADSA provides fast reaction to changing
workload requirements together with rapid convergence
speed superior to GAs. The FCIM mechanism provides
fair pricing benefits for devices alongside cost efficiency
then ADSA maintains real-time task execution deadlines.
Real-time LLM inference with FCIM+ADSA operates as a
scalable practical solution for distributed edge systems.

APPENDIX D DETAILED EXPERIMENTAL SETUP
A. EXPERIMENTAL SETUP FOR FCIM
The experimental evaluation of FCIM resource efficiency
involves three prepared transformer language models
including GPT-Neo (1.3B), GPT-3 (13B), and BLOOM
(176B). EleutherAI created GPT-Neo which stands as a free-
to-use lightweight foundation model. The mid-tier GPT-3
(13B) exists through API-limited access but BLOOM from
BigScience functions as a high-resource benchmark because
it contains extensive parameter count and layer configuration.

• Task Characteristics: Five subtasks appear in the simula-
tion which contains clear output specifications for word
count demands as well as network time requirements
and time constraints. Longer output texts for tasks need
additional processing time and memory that affects
scheduling decisions. The simulation includes deadlines
and transmission times to replicate the real-time condi-
tions that occur during LLM inference operations.

• GPUBidding andAllocation Framework: A systemwith
six GPUs incorporates both RTX 4090 and T4 models
which vary by their memory resources and processing
capabilities. GPU memory availability determines the
calculation from total available memory minus the
amount of memory being used at present.

• Bid Calculation: The bidding system allows GPUs to
produce dynamic offers using their present bandwidth
capacities and spare memory resources. The bidding
process includes:

– Each GPU determines the proposed layers by
correlating its accessible memory to both model
parameters and task dimensions with the definition
explained in Equation (7).
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– Each GPU calculates computation time by using
Equation (29) based on its bandwidth to maintain
deadline compliance during the task process.

The system structure duplicates a production-ready
multi-GPU system that manages resource conflicts.
FCIM performs dynamic layer model assignment to
GPUs by using their bids for determining the minimum
cost distribution which optimizes resource utilization.

B. EXPERIMENTAL SETUP AND EVALUATION
FRAMEWORK FOR ADSA
To evaluate the Adaptive Dynamic Scheduling Algorithm
(ADSA) researchers used one single device which operated
as a real-time scheduling prototype. GPT-Neo 1.3B served
as the workload generator which executed its tasks on an
RTX 4090 graphics processing unit. The setup enabled the
creation of dynamic task loads to test the scheduler’s capacity
to handle limited resources effectively.
• ComputationWorkloads: Diverse computational require-
ments emerged from the tasks which had input prompts
of different sizes and output length specifications.

• Dynamic Arrival Times and Deadlines: The time
schedule for task arrivals included different waiting
times between tasks in addition to unique deadline
requirements which simulated actual service operations.

• Client-Specified Output Requirements: Selection of
custom output sizes for each job increased the expansive
range of scheduling responsibilities.

The test focused on how ADSA operated against
subproblem2 for assessing single-devicemanagement of real-
time heterogeneous tasks. The experimental setup reveals
ADSA’s capabilities regarding constrained resource schedul-
ing by effectively handling time-sensitive tasks measurement
alongside load management and deadline performance.

1) TASK DEFINITION AND SIMULATION WORKFLOW
The system contained five tasks that followed these
specifications:
• Prompt Complexity: The output lengths of the tasks
varied between 200 words and 2200 words for prompt
complexity.

• Deadline Constraints: Each task carried set deadline
times that determined its arrival time requirements.

• Transmission Overheads: Showing transmission delays
through simulated network delays composed a major
part of the simulation.

Under the ADSA algorithm the task queue received
automatic reordering which considered deadlines and trans-
mission times together with processing priorities. The GPU
received input tokens which enabled task scheduling that
included potential preemptive and resumptive activities.
Evaluating resource usage together with efficiency required
the tracking of performance metrics including computation
time and deadline adherence and memory usage and waiting
time.

APPENDIX E ADDITIONAL FIGURES AND TABLES
A. BIDDING STRATEGY AND PROPOSED PRICE
CALCULATION
To generate bids, each GPU calculates its price per model
layer, denoted as Pi,j,m, based on its available memory and
computational capacity. The pricing considers the following
parameters:

• Total Task Size Sj,m (in bytes): Represents the full
workload for task j using model m.

• Available Memory Mi (GB):The remaining memory on
GPU i after deducting current usage.

• Computational Bandwidth Bi (TFLOP/s): Processing
performance of GPU i.

• Scaling Factor C : A tunable constant to adjust the
sensitivity of pricing.

The formula for computing the price per layer is:

Pi,j,m =
Sj,m

Mi × Bi
× C (33)

In this equation, Sj,m reflects the size of the workload,
Mi indicates how much memory the device has available,
Bi refers to its compute speed, and C controls the pricing
granularity.

Based on this model, GPUs with less available memory
tend to propose higher prices because limited memory
increases the cost. For example, an RTX 4090 with lower
available memory bids higher than one with more memory.
Likewise, T4 GPUs, which generally have lower compute
power, also submit higher bids. However, within any GPU
type, a device with less memory results in a higher price per
layer.

This pricing approach favors GPUs with more resources,
making them appear more cost-efficient, which fits the
intended behavior of Scenario S1.

To test how well this pricing model works under different
conditions, Scenario S2 is introduced. It applies a more
competitive strategy, particularly for high-performanceGPUs
like the RTX 4090. By comparing the outcomes of S1 and S2,
we evaluate how FCIM handles various market conditions
and resource constraints, focusing on both adaptability and
fairness.

B. ADDITIONAL RESULTS FOR FCIM
1) MEMORY UTILIZATION
Memory optimization for GPUs effectively leverages their
available resources preventing underutilization as well as
overload that may occur on specific devices. Figure 11
demonstrates that FCIM produces the best average memory
utilization performance when compared to other examined
techniques. The selection process of FCIM chooses GPUs
according to available memory capacity but only when
their pricing falls within budget constraints. The bottleneck
reduction capabilities of FCIM become superior to other
benchmarks because it deploys model layers to GPUs which
contain sufficient memory resources.
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The dynamic task management approach of FCIM selects
computations for more powerful GPUs that have extra
memory capacity alongside cost considerations in scenario
S1. In contrast, PipeDream and PipeEdge struggle with
memory efficiency due to their rigid allocation strategies.
The pipeline parallelism approach in PipeDream distributes
computations between GPUs yet introduces performance
problems because GPUs need to exchange data with each
other. The GPU selection methods of PipeEdge favor
elite hardware choices thus restricting users from exploit-
ing memory resources in lower-end or middle-class GPU
models. HexGen maintains its memory allocation through
a pre-defined hierarchical system that stays disconnected
from actual GPU environmental changes. When operated as
described layer assignments become spread across GPUs thus
leading to reduced memory efficiency.

FCIM manages the extended bid format of scenario
S2 by maintaining efficient memory consumption and
operational costs. PipeDream alongside HexGen distribute
memory resources in an inconsistent way thus negatively
affecting load processing time. HexGen maintains a fixed
strategy that does not respond to market price changes
thus resulting in a mismatch of layer assignments where
GPU resources are either overloaded or underutilized. The
method proves unproductive since it fails to optimize the
use of memory resources alongside compute resources.
FCIM offers the optimal solution for cost efficiency and
memory optimization and performance by selecting GPUs
according to their combined memory capacity and cost
needs.

2) COST EFFICIENCY ANALYSIS
The cost efficiency measurement expresses how well
computing system funds are utilized based on the layer
allocation against total expenses. Figure 12 shows that
FCIM demonstrates superior cost performance than other
frameworks in Scenario S1 because it uses its cost-aware
selection approach.

S1 demonstrates the maximum cost efficiency through
FCIM which selects high-memory RTX 4090 GPUs because
their pricing level is the lowest. FCIM benefits from these
powerful GPUs with low price-per-layer offers through
layer assignment so it decreases total expenses along with
optimizing workload distribution. The inability of PipeEdge
to adapt GPU pricing makes it less competitive than the
FCIM framework. The current implementation makes its cost
determination dependent on fixed expenses which generates
higher expenses per layer than FCIM.

The layer distribution policies of HexGen and PipeDream
fail to minimize costs therefore leading to their inferior
performance. A dynamic bidding system must be uti-
lized to maximize the selection of affordable GPUs since
non-dynamic approaches create execution costs that rise
higher than desirable levels.

The cost efficiency of FCIM declines a little in Scenario S2
for BLOOM and GPT-3 because of structural changes in the

bidding system. The cost per layer rises for GPT-Neo because
its GPU selection is reduced compared to other frameworks.
The cost efficiency ratio of FCIM remains superior to other
benchmarks despite the evaluation changes.

3) EMPIRICAL ENERGY ANALYSIS OF DISTRIBUTED
INFERENCE METHODS
We conduct an empirical energy analysis of the four
distributed inference strategies by measuring real-time GPU
power draw using nvidia-smi with a 1-second sampling
interval. The total energy consumption E is computed as:

E =
∫ T

0
P(t) dt ≈

N∑
i=1

P(ti) ·1t, (34)

where P(ti) is the instantaneous power draw at timestamp ti,
1t = 1 s is the sampling interval, and T is the total runtime.

The observed energy consumption differences between
Scenarios S1 and S2 in Figure 13 directly reflect the impact
of device heterogeneity, bidding configurations, and layer
allocation strategies. Scenario S1 follows Equation (33)
from Appendix E, where the price per layer is inversely
related to GPU memory and compute capacity. In this
scenario, RTX 4090 GPUs propose lower prices due to
their higher resources, making them favorable for cost-
optimized selection. As a result, FCIM and PipeEdge
allocated more layers to the high-performance RTXs in S1,
yielding higher total energy usage for BLOOM (15.76 kJ
for FCIM and 14.94 kJ for PipeEdge). However, PipeDream,
which distributes layers more evenly across all devices,
achieved lower energy at 12.97 kJ. HexGen, which assigned
fewer layers to RTXs, resulted in the lowest among them
(12.26 kJ). In contrast, Scenario S2 revised pricing to reflect
realistic power-performance trade-offs, making T4 GPUs
more attractive due to their lower consumption. This shift
allowed FCIM to reduce energy to 6.46 kJ and HexGen
to 8.2 kJ by leveraging more T4s, while PipeDream and
PipeEdge remained unchanged due to their fixed strategies.
Overall, FCIM demonstrates key advantages across multiple
metrics. It achieves the best fairness in both layer and reward
distribution, superior cost-efficiency (0.0841 in S1), and the
lowest communication overhead (24.49%) and processing
time (12.33s) for BLOOM in S1. In S2, FCIM continues to
outperform by adapting to the new pricing, maintaining bal-
ance and reducing energy and total cost, underscoring its flex-
ibility and optimization potential in dynamic, heterogeneous
environments.

4) SENSITIVITY TO δ

To better understand the influence of the penalty parameter
δ, we conduct a sensitivity analysis under Scenario S2 with
fixed weight values α = 0.4, β = 0.3, and γ = 0.3,
as shown in Fig. 14. The results indicate that as δ increases,
the total cost of executing the task consistently declines.
This trend reflects the model’s increasing willingness to
penalize overpriced bids more aggressively. The underlying
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mechanism is defined in (23), where the penalty grows
proportionally with δ, reducing the final reward allocated to
a winning GPU when its unit cost exceeds the average of its
competitors.

However, this cost reduction comes at a trade-off: fairness
in terms of reward distribution begins to degrade significantly
once δ exceeds 3. In contrast, fairness with respect to layer
allocation and the total processing time remains largely
unaffected. This is because changes in δ only influence the
final reward calculation—not the selection of winner GPUs
or the number of layers assigned to them. Furthermore, after
δ = 13, both cost and time metrics plateau. This behavior
occurs because the penalty reaches its maximum allowable
limit, known as Rsafe, beyond which further increases in δ no
longer affect the outcome.

Overall, this analysis highlights the importance of tuning
δ carefully. While higher values can improve cost efficiency,
they may also compromise fairness—underscoring the need
to balance these competing objectives in distributed GPU
auction-based scheduling.

5) SENSITIVITY TO SCORING WEIGHTS α, β , AND γ

To provide insights into parameter tuning, we conducted
a sensitivity analysis on the scoring weights α, β, and γ

under Scenario S2 using the GPT-3 model. These weights
respectively influence the importance of task-to-layer
efficiency, computation time, and cost in the GPU selection
mechanism. We evaluate their impact on four key perfor-
mance metrics: total cost, fairness in layer distribution,
fairness in reward distribution, and total processing
time.

• Total Cost (USD):As shown in Figure 15, the total cost
increases when γ is small and α/β is low, indicating an
overemphasis on speed. In contrast, higher α/β values
prioritize layer-efficient GPUs, reducing the cost. The
cost is relatively stable for moderate γ (e.g., 0.7) but
increases again for extreme values.

• Fairness Index (Layers): Figure 16 shows that fairness
in layer allocation remains high (close to 1) across most
configurations. However, slight decreases are observed
for γ = 0.6 and 0.51 when α/β is low, suggesting
that excessive focus on speed or cost can skew the
distribution.

• Fairness Index (Rewards): Figure. 17 indicates that
reward fairness improves as α/β increases, especially
under lower γ values. This implies that scoring
strategies that emphasize task efficiency promote more
balanced compensation across GPUs.

• Total Processing Time:As illustrated in Figure 18, total
processing time drops with increasing α/β, particularly
when γ is small. This suggests that emphasizing
layer efficiency results in quicker task completion,
while cost-prioritized selections can lead to higher
latency.

This analysis provides guidance for tuning α, β, and
γ depending on the system’s optimization goal—whether
to minimize cost, balance load, ensure fairness, or reduce
latency.
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