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Abstract—Distributed Computing Continuum Systems (DCCS)
unify cloud, fog, edge, and Internet of Things (IoT) into a single
execution fabric. At scale, heterogeneity and bursty arrivals make
it hard to meet per task deadlines. Prior approaches based on learn-
ing, optimization, market mechanisms, or class level slicing depend
on global state or iterative coordination. Decisions lag arrivals,
isolation is scoped to coarse classes rather than individual tasks,
and the deadline violation ratio (DVR) rises. We present Task-
level Adaptive Computing Slicing (TACS), a fine grained slicing
paradigm that delivers task aligned resource governance through
autonomous shard management. For each arriving task, TACS ex-
ecutes decentralized scheduling at the shard level to instantiate an
ephemeral micro-slice governed by an autonomous shard formed
exactly by the task’s participants. Within the shard, participants
apply closed form rules to make local resource allocation decisions.
This design achieves strict task level isolation and precise, scalable
matching between supply and demand without global coordination
or model retraining. In simulations with 100 to 1000 heterogeneous
nodes and a range of loads and heterogeneity levels, TACS main-
tains DVRs below 1% and provides steadier, higher throughput
than advanced baselines. Under adverse conditions, representative
baselines exceed 20% DVR and in several cases require retraining
when device populations change.

Index Terms—Deadline-aware provisioning, decentralized
scheduling, distributed computing continuum systems, hetero-
geneous resources, per-task micro-slicing, scalability.

I. INTRODUCTION

A. Motivation

D ISTRIBUTED Computing Continuum Systems (DCCS)
integrate public clouds, fog micro-datacenters, edge
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clusters, and Internet of Things (IoT) endpoints into a single
logical execution substrate spanning from the core to the extreme
edge [1]. Edge-cloud federated systems place latency-sensitive
tasks near users while offloading less time-critical workloads to
cloud resources [2]. Multi-access edge computing environments
likewise process real-time requests locally and redirect overflow
traffic to neighboring sites or fog clusters during congestion [3].
This continuum model is increasingly adopted because it places
compute close to data sources, exploits heterogeneous resources
elastically, and improves service efficiency without leaving ca-
pacity idle [4].

While DCCS offer significant advantages for distributed
computing, they introduce fundamental challenges for resource
management. The integration of diverse computing resources
across geographical boundaries creates complexity in three key
dimensions: scale, heterogeneity, and arrival burstiness. Scale
enlarges the number of devices, tasks, and control interactions.
Heterogeneity widens the mismatch between task requirements
and node capabilities. Arrival burstiness creates instantaneous
demand surges and rapidly changing contention. Their effect is
not additive. Together, they make it difficult to provide strict per-
task real-time guarantees while still using distributed resources
efficiently.

Existing studies have explored machine learning, optimiza-
tion, market mechanisms, game-theoretic designs, and slicing
for distributed resource management [5], [6], [7], [8], [9], [10],
[11], [12], [13], [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23]. These directions provide important capabilities, including
workload adaptivity, formal guarantees, economic efficiency,
strategic robustness, and service isolation. Yet their control
assumptions remain poorly aligned with DCCS. Approaches that
rely on centralized controllers or broad global-state collection
become increasingly expensive as the platform grows, because
state maintenance and coordination traffic expand with system
size and geographical span [24], [25], [26], [27]. Methods based
on averaged behavior, coarse abstractions, or globally uniform
control also struggle to match tasks with different latency bud-
gets, resource demands, and attribute constraints to highly di-
verse nodes. Learning-based approaches can adapt to workload
dynamics, but in DCCS they may require retraining or incre-
mental policy readaptation when device populations, feasible
action spaces, or resource combinations change [17], [27], [28].
Optimization-based, market-based, and game-theoretic methods
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Fig. 1. How DCCS characteristics challenge existing resource management approaches.

avoid retraining, yet their iterative search, equilibrium-seeking,
or repeated coordination still add non-negligible delay under
bursty online arrivals [8], [9], [10], [11], [12], [13], [14], [15],
[16].

To mitigate resource contention under bursty workloads, ex-
isting class-level slicing methods [21], [22], [23] typically aggre-
gate diverse tasks into shared resource pools to provide service
isolation, thereby protecting critical services while improving
utilization and resilience. This constitutes an important step
toward handling burst-induced contention. However, because
their unit of control is the service class rather than the individual
task, tasks with different urgency levels, latency budgets, and
resource attribute requirements are still treated in an averaged
manner within the same slice. Although more advanced studies
have explored finer-grained slicing, these mechanisms generally
still rely on centralized infrastructure providers to manage virtu-
alized resource pools. As discussed above, this creates scalability
bottlenecks in DCCS.

Taken together, these characteristics of DCCS do not cre-
ate isolated difficulties; rather, they jointly impose a dual re-
quirement on resource management: the platform must achieve
precise supply-demand matching for heterogeneous tasks while
preserving scalability under large-scale and bursty operation.
As illustrated in Fig. 1, this dual requirement arises from the
combined effects of scale, heterogeneity, and arrival burstiness,
and it is precisely along these two dimensions that the limitations
of existing approaches become most evident. This observation
motivates us to design a slicing-based framework that achieves
task-level supply-demand matching and robust scalability under
DCCS conditions.

B. Our Contributions

To address this gap, we propose TACS (Task-level Adaptive
Computing Slicing), a distributed per-task micro-slicing frame-
work for DCCS. Relative to prevailing designs, TACS changes
three aspects of the control plane: it moves the unit of control
from the service class to the individual task, shifts the scope
of coordination from platform-level control to a task-local au-
tonomous shard, and replaces iterative or retraining-dependent

online decisions with closed-form allocation derived from end-
to-end latency constraints. For each arriving task, TACS instan-
tiates an ephemeral micro-slice, forms a shard consisting only of
that task’s participants, and computes scheduling and allocation
decisions locally from latency feasibility. In this way, TACS
directly targets the two requirements identified above: precise
per-task supply-demand matching and scalable control under
DCCS conditions.

The main contributions of this paper are as follows:
� Task-level micro-slicing through shard-local autonomy:

We introduce a per-task slicing paradigm in which each task
is governed inside an autonomous shard formed exactly
by its participants. This aligns the control boundary with
the task boundary, achieves strict task-level isolation, and
makes coordination cost depend on shard size rather than
platform size, thereby avoiding centralized global-control
bottlenecks and reducing sensitivity to changing node pop-
ulations.

� Closed-form latency-driven allocation for heterogeneous
resource matching: We derive closed-form analytical ex-
pressions from end-to-end latency constraints to compute
task split ratios and per-node resource allocations directly
on the critical path. Combined with score-based candi-
date selection and robustness-oriented provisioning, this
design avoids iterative online optimization while enabling
deadline-aware matching between heterogeneous task re-
quirements and distributed resource capabilities. Under
resource scarcity, a resource tension mechanism overlaps
execution with continued recruitment to preserve progress
and deadline awareness.

� Comprehensive validation across scale, load, and hetero-
geneity: We evaluate TACS in a simulated DCCS environ-
ment with 100 to 1000 heterogeneous nodes under varied
arrival intensity, offered load, and heterogeneity levels.
TACS sustains deadline violation rates between 0% and
0.45% with stable throughput and no retraining, whereas
representative advanced baselines exceed 20% deadline
violation under adverse conditions. These results show
that TACS maintains deadline-aware provisioning while
scaling robustly across diverse DCCS settings.
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To the best of our knowledge, TACS is the first framework
to realize task-level resource provisioning in DCCS through
decentralized shard governance with ephemeral micro-slices and
latency-constraint-driven closed-form allocation.

The remainder of this paper is organized as follows:
Section II reviews related research. Section III presents the node,
task, and latency models. Section IV formulates the problem
and objectives. Section V details TACS, including candidate
selection, closed-form allocation, shard life-cycle management,
and the resource tension mechanism. Section VI reports the
experimental evaluation. Section VII concludes the paper.

II. RELATED WORK

We review prior studies through two lenses that map directly
to our problem setting in DCCS: how well the platform matches
supply with demand at decision time and how well the platform
scales as topology, load, and requirements evolve. Due to space
constraints, we focus here on discussing the core limitations of
existing approaches, while a comprehensive analysis of related
work is provided in Section I of the supplementary material.

A. Supply-Demand Matching and Scalability in DCCS

Effective resource management in DCCS must jointly address
two requirements: efficient matching between heterogeneous
supply and dynamic demand, and scalable decision-making as
the system evolves. Existing studies provide important founda-
tions, but their control assumptions remain difficult to sustain
under DCCS conditions.

Machine learning methods, including supervised prediction
and reinforcement learning, offer strong adaptivity [5], [6], [7].
Their main difficulty in DCCS is not a lack of modeling power,
but the dependence of decision quality on timely state informa-
tion and stable action semantics. As heterogeneity widens and
deployments grow, stale state, changing device populations, and
evolving feasible action spaces can reduce policy accuracy and
trigger retraining or incremental policy readaptation, thereby
adding control-plane delay and weakening responsiveness to
topology and workload changes [5], [6], [7].

Formal models based on optimization [8], [9], [10], mar-
ket mechanisms [11], [12], [13], and game theory [14], [15],
[16] provide performance guarantees and economic efficiency.
However, these strengths typically rely on iterative search,
equilibrium-seeking, or repeated coordination. As the number of
resources and participants increases, the resulting computational
and communication overhead becomes increasingly difficult to
reconcile with low-latency, per-task provisioning under bursty
arrivals [8], [9], [10], [11], [12], [13], [14], [15], [16].

Slicing is the most relevant line of work for isolation under
contention [17], [18], [19], [20], [21]. Its main limitation in
DCCS lies in control granularity. Most existing slicing mech-
anisms operate at the service-class level, so tasks with differ-
ent deadlines, urgency levels, and attribute constraints remain
grouped into shared resource pools and are still handled in an
averaged manner. Even dynamic slicing approaches commonly
rely on centralized management models that are ill-suited to
DCCS scale [29], or incur additional coordination overhead to

maintain policy consistency across distributed units [19], [20],
[29], [30], [31], [32]. This weakens their ability to provide
precise per-task matching while remaining scalable in large
DCCS.

Taken together, prior work has established essential building
blocks, but not the specific combination required here: precise
per-task supply-demand matching together with scalable coor-
dination under scale, heterogeneity, and arrival burstiness.

B. Position of TACS

The main distinction of TACS lies in two design choices that
are fundamental to DCCS resource management: the unit of
control and the scope of coordination.

Unit of control: Existing slicing-based methods provide ef-
fective isolation, but their primary abstraction is typically the
service class or shared virtualized resource pool rather than the
individual task [17], [18], [19], [20], [21]. In DCCS, this leaves
tasks with different latency budgets, urgency levels, and attribute
requirements inside the same control boundary, which limits
matching precision at the task level. TACS differs by moving
the unit of control from the service class to the individual task
through ephemeral micro-slices. Together with closed-form ana-
lytical expressions derived from end-to-end latency constraints,
this allows resource decisions to be tied directly to each task’s
own feasibility requirements.

Scope of coordination: Many existing approaches rely on
broad coordination scopes, centralized resource governance, or
extensive cross-system state maintenance to make allocation
decisions. Such mechanisms can be effective in smaller or
more homogeneous settings, but become increasingly costly in
DCCS as the system expands in scale, spans geographically
distributed resources, and undergoes continual state variation
under bursty arrivals. TACS differs by confining coordination to
an autonomous shard formed only by the participants of the task
under consideration. As a result, control cost scales with shard
size rather than with the full platform.

From this perspective, TACS addresses a requirement that
prior studies do not explicitly resolve in DCCS: achieving pre-
cise task-level supply-demand matching without coupling online
control cost to platform-wide coordination. For completeness
and traceability, a compact comparison across key dimensions
is provided in Section I of the supplementary material with
references to the corresponding studies.

III. SYSTEM MODEL

This section fixes the abstractions and notation used through-
out the paper. We first unify heterogeneous continuum resources
into a common node model, then state the task model and
divisibility assumptions, and finally present a latency model that
connects end-to-end deadlines with the resources provisioned
by shard participants. For ease of reference, Table I provides
a condensed guide to the symbols used in the modeling and
algorithmic workflow, while the complete notation summary is
retained in the supplementary material.

Key modeling assumptions: This paper adopts the follow-
ing modeling assumptions to make per-task supply–demand
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TABLE I
CONDENSED NOTATION GUIDE FOR THE MODELING AND ALGORITHMIC WORKFLOW OF TACS

matching tractable under strict deadlines. First, each admitted
task is divisible (malleable) and can be split proportionally
across participating nodes as in (4), so that data and computation
shares follow the same ratio and subtasks execute in parallel
within a shard. Second, attribute satisfaction is a hard admis-
sion constraint: a node is eligible for participation only if the
task’s required attributes are contained in the node’s advertised
attributes, and scheduling and allocation are performed to meet
the task’s end-to-end deadline through the feasibility constraint
derived in the latency model. Third, consistent with the modeling
approach adopted in recent top-tier literature [33], we consider
the post-aggregation delivery latency to the user negligible and
therefore omit it from the end-to-end deadline accounting.

A. Node Model

Following the continuum view of Dustdar et al. [1], we treat
public clouds, fog micro-datacenters, edge clusters, and IoT
endpoints as elements of a single pool of computational nodes.
Let

V = {v1, v2, . . . , vZ}
be the set of all nodes in the DCCS, where Z is the platform
size. Each node vk exposes its currently allocable resources

vk � { ck, gk, uk, pk }. (1)

Here, ck (in GFLOP/s) and gk (in GFLOP/s) represent the total
currently available CPU and GPU compute resources, respec-
tively. Note that the currently available resources are not the total
resources Ck (in GFLOP/s) and Gk (in GFLOP/s) that node vk

can offer to the DCCS. They are the resource remainders after
subtracting the already reserved and allocated resources from
Ck and Gk, respectively, which is the amount of resources that
can be reserved at present. The term uk is the allocable uplink
bandwidth in MB/s. The set pk enumerates the node’s special
attributes.

Heterogeneity in DCCS is fundamental [34]. We model ca-
pability matching with attribute sets. Let L denote the universal
set of attributes supported by the platform (for example, CPU
instruction set architecture (ISA), accelerator type, driver stack,
trusted execution). Each node advertises pk ⊆ L. A task requir-
ing pr ⊆ L may execute at vk only if pr ⊆ pk. For efficient
lookup, we form resource classes

p̃w � { vk | Aw ⊆ pk },

where Aw ⊆ L is the defining attribute combination. The col-
lection P̃ = {p̃1, . . . , p̃Q} may overlap; nodes in intersections
(that is, vk ∈ p̃i ∩ p̃j) can satisfy multiple requirement profiles
and are especially useful when shards grow on demand.

DCCS are open, multi-stakeholder ecosystems [34]. We there-
fore track four scalar attributes per node to support policy and
governance without centralization: a balance b̃k for incentives,
a cumulative completion record hk =

∑
hr over tasks tr with

per-task indicators hr ∈ {0, 1}, a reputation score Rk derived
from hk and quality-of-service (QoS) behavior, and a commit-
tee identity c̃k � [ċk, ηk] where ċk ∈ {0, 1} marks committee
membership and ηk is an election score that can depend on Rk

and resource headroom. After each task, the platform updates
reputation for both aggregator and executor roles; weights can
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differ to reflect coordination effectiveness versus computational
reliability. TACS is agnostic to the specific update formula and
accepts any policy consistent with these signals.

B. Task Model

We adopt the Three-Stage Heterogeneous Computing
(TSHC) structure from [35] and model each tr as a divisible
task whose workload can be partitioned proportionally and
executed in parallel across multiple participating nodes, which is
consistent with common DCCS workloads such as data-parallel
processing, inference sharding, and batch/block-based analytics.
A task is represented as

tr
�
= { dr, fr, ar, br, pr, Lr, ṗr }. (2)

The quantity dr (MB) is the input size, and fr (GFLOP) is
the total floating-point work. The parameter ar ∈ [0, 1] is the
fraction of work in the data computation stage; 1− ar covers
CPU preprocessing and final aggregation. Within the data com-
putation stage, br ∈ [0, 1] is the fraction of parallel work mapped
to GPUs, while (1− br) is serial CPU work. The set pr ⊆ L
specifies required attributes. The scalar Lr is the end-to-end
deadline from offload to completion. The reward ṗr accounts
for forwarding, committee, and execution incentives according
to the deployment’s policy.

Let Vr = {v1, . . . , vQ} ⊆ V be the participants selected for
tr. The aggregator assigns to vk an input share dkr and a compute
share fk

r such that∑
k

dkr = dr,
∑
k

fk
r = fr. (3)

Because tasks are divisible, data and compute splits follow the
same ratio. We define

θk � dkr
dr

=
fk
r

fr
, (4)

which is the fraction of tr executed by vk. Under light load, a ca-
pable node can take θk = 1. Under contention, nodes contribute
fragmented capacity with θk < 1, and many such contributions
can be aggregated within the shard. We also use ϕr ≥ 0 to
denote the result-to-input size ratio, which links compute and
communication for tr.

C. Latency Model

End-to-end latency aggregates decision making, data move-
ment, and execution. Parallelism implies that the slowest partic-
ipant determines completion. We present a compact model that
TACS inverts to compute per-node quotas.

Non-congested regime: When the platform is not congested,
all subtasks share the same decision-making latencyTw

r incurred
once per task. The end-to-end latency is

Tr = Tw
r + max

vk∈Vr

{
T e
r,k + T t

r,k

}
. (5)

Contended regime: Under contention, waiting may inter-
leave with communication and execution. A conservative

expression is

Tr = max
vk∈Vr

{
Tw
r,k + T e

r,k + T t
r,k

}
, (6)

where Tw
r,k captures the per-node waiting experienced along the

path to the final participation list.
1) Decision-Making Latency: A node that receives tr first

checks attributes. If pr � pk or the node is not eligible to aggre-
gate, it signs and forwards the request to a suitable committee set;
the forwarding time is T̆r. A qualified committee node becomes
the aggregator, filters candidates by pr ⊆ pk, and probes W
nodes in parallel to confirm participation. In the non-congested
regime,

Tw
r = T̆r + max(RTT1, . . . , RTTW ) , (7)

where RTTk is the measured round-trip time between the aggre-
gator and vk. In practice, TACS records Tw

r with counters; the
expression above provides structure for analysis and parameter
setting.

2) Communication Latency: Communication has two legs:
the aggregator sends dkr to vk, and vk returns ϕrd

k
r . We account

for sender-side bandwidth in each leg, which is standard in peer-
to-peer models. The communication latency for vk is

T t
r,k =

dkr
ua

+
ϕr d

k
r

uk
+ RTTk, (8)

where ua is the aggregator’s allocable uplink for tr and uk is
the executor’s allocable uplink. Within a task, the aggregator
assigns its uplink proportionally to θk in (4). When multiple
tasks contend for the same uplink, TACS orders transmissions
by an urgency level

er =
Lr − T e

r,Q

Lr
, (9)

where T e
r,Q is the expected remaining compute latency under

current allocations. This simple priority steers scarce bandwidth
to tighter budgets.

3) Execution Latency: Execution time depends on node
speeds and the TSHC composition [35]. For the assigned work
fk
r onvk with CPU rate ck and GPU rate gk, the CPU-only phases

(preprocessing and final aggregation) take fk
r (1−ar)

ck
. Within the

data computation stage, serial CPU work takes fk
r ar(1−br)

ck
and

parallel GPU work takes fk
r arbr
gk

. These stages overlap, hence

T e
r,k =

fk
r (1− ar)

ck
+ max

(
fk
r ar(1− br)

ck
,
fk
r arbr
gk

)
.

(10)
4) Latency Feasibility: For tr to meet its deadline at vk,

the remaining budget after decision and communication must
accommodate execution:

T e
r,k ≤ Lr − Tw

r,k −
(
dkr
ua

+
ϕr d

k
r

uk
+ RTTk

)
. (11)

This inequality expresses the latency-feasibility condition for
node vk under the deadline constraint: after the decision latency
and communication latency are deducted from the task deadline
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Lr, the residual time budget must still be sufficient for execution
at node vk.

IV. PROBLEM DEFINITION

Given the node, task, and latency models in Section III, we for-
malize the per-task provisioning problem for a DCCS operator.
The platform observes an online stream of arbitrarily divisible

tasks tr
�
= {dr, fr, ar, br, pr, Lr, ṗr} and a time-varying pool

of heterogeneous nodes V = {v1, . . . , vZ}, where each node
vk exposes currently allocable resources vk � {ck, gk, uk, pk}
as in (1). The objective of this study is to devise a task-level
resource management mechanism that includes two fundamen-
tal subproblems: (1) scheduling, which determines which nodes
participate in task execution, and (2) resource allocation, which
determines the per-node resource contributions and task split
ratios θk when multiple nodes collaborate.

A. Decision Context

Given a task tr = {dr, fr, ar, br, pr, Lr, ṗr} and the current
node set V , the following information is available: the input size
dr, compute requirement fr, CPU-GPU split parameters ar and
br, special attribute requirement set pr ⊆ L, deadline Lr, and
reward parameter ṗr; current allocable resourcesvk of candidate
nodes satisfying pr ⊆ pk; measured round-trip times RTTk and
the forwarding time T̆r; and the result-to-input size ratioϕr ≥ 0.

B. Decision Variables

For each tr, the algorithm determines:
� an aggregator node selected from qualified committee can-

didates,
� a final participation list Mr ⊆ {vk ∈ V | pr ⊆ pk},
� allocation decisions {θk, c̈k, g̈k}vk∈Mr

where:
– θk ∈ [0, 1] is the task split ratio with

∑
vk∈Mr

θk = 1,
– c̈k and g̈k are the CPU and GPU resources that node vk

allocates to task tr.

C. Feasibility Constraints

The allocation decisions must satisfy the following con-
straints:

1) Latency Feasibility: For each participating node vk ∈
Mr, the execution time must fit within the remaining deadline
budget: T e

r,k ≤ Lr − Tw
r,k − T t

r,k.
2) Resource Capacity Constraints: Node resource alloca-

tions cannot exceed currently allocable resources:

c̈k ≤ ck, g̈k ≤ gk, for all vk ∈ Mr. (12)

Bandwidth allocations must comply with the uplink constraints
of the aggregator (ua) and the nodes (uk).

3) Attribute Compatibility: All participating nodes must sat-
isfy the task’s attribute requirements:

pr ⊆ pk for all vk ∈ Mr.

4) Task Completeness: The task must be fully allocated
across participating nodes:

∑
vk∈Mr

θk = 1.

D. Objectives

1) Primary Objective: Deadline Satisfaction: Accept and
provision a task by finding a participation set Mr and a split
vector θr that satisfy the constraints above with currently alloca-
ble resources. When the initial allocation is insufficient, employ
adaptive mechanisms to expand participation while maintaining
the deadline constraints.

2) Secondary Objectives: Efficiency and Stability: Subject to
deadline satisfaction, the mechanism seeks to achieve:
� Scalability: Ensure that coordination and state-

maintenance overhead grow with the size of the task
participation set rather than with the platform size, thereby
avoiding global bottlenecks in large-scale DCCS,

� Computational efficiency: Support lightweight latency-
aware decision making with low online overhead, avoiding
iterative search and exponential solution-space explosion
on the critical path,

� System stability: Eliminate retraining requirements and
avoid dynamic learning adaptation overhead that character-
izes machine learning approaches, providing deterministic
behavior independent of node population changes,

� Robustness: Handle insufficient initial allocations through
adaptive mechanisms, and accommodate state staleness
and transient contention through redundant strategies,

E. Formal Statement

Given tr, {vk,RTTk}k, and T̆r, find participation set Mr,
split vector θr, and resource allocations {c̈k, g̈k}vk∈Mr

such
that attribute compatibility, resource constraints, and latency
feasibility hold, while achieving the primary and secondary
objectives above within the deadline-imposed time constraints.

V. PROPOSED APPROACH

DCCS must satisfy the resource attribute requirements of each
task in large-scale distributed heterogeneous resource environ-
ments, ensure task completion within deadlines to guarantee
service quality, while simultaneously addressing resource con-
tention and task interference issues arising from the massive,
diverse, and distributed nature of the underlying infrastructure.
The formal objectives in Section IV therefore indicate that
an effective provisioning mechanism should exhibit three key
properties: per-task resource isolation and fine-grained man-
agement, precise scheduling and allocation guided by analytic
latency budgets, and scalable coordination under large-scale
distribution, heterogeneity, and bursty arrivals. To realize these
properties, we propose TACS, which is elaborated in detail in
this section.

A. TACS: Task-Level Adaptive Computing Slicing

The core idea of TACS is to provide fine-grained resource
isolation and task-level resource management for large-scale
distributed heterogeneous environments through shard-local au-
tonomous decision-making. It aims to complete tasks within
deadline budgets while enabling supply-demand matching
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Fig. 2. Overall architecture and task-level control flow of TACS over integrated resource pools in DCCS.

adapted to DCCS characteristics. TACS aligns control bound-
aries with task boundaries: for every arriving task, the platform
instantiates an ephemeral micro-slice and binds it to a shard
whose membership consists exactly of that task’s participants.
The shard maintains all task-local state and makes all resource
management decisions internally through autonomous gover-
nance, ensuring that coordination cost scales with the number
of participants rather than with platform size.

Operationally, the system partitions resources on demand
to form computing slices, with slice-related decisions made
through parallel intra-shard autonomy. A single node may con-
tribute to several shards when serving multiple tasks concur-
rently, and a single shard may span multiple nodes when a task
aggregates capacity across the continuum. Each shard processes
task-state tracking and related resource-management decisions
driven by the task lifecycle (detailed in Section V-B). Because
allocation and state evolution are confined to the shard, cross-
task resource contention and state coupling are reduced, and
per-task QoS can be honored precisely without resorting to
global coordination. Fig. 2 summarizes the TACS framework
over unified DCCS resource pools. It shows how heteroge-
neous continuum resources are integrated into unified resource
pools, how task-specific shards are formed on demand, and
how shard formation, shard-local autonomy, and the resource
tension mechanism interact to support parallel execution, result
aggregation, and resource release.

B. Task Lifecycle-Driven Shard Lifecycle Management

In TACS, the shard’s lifetime is tied tightly to the lifetime of its
task. A shard comes into being when a task tr is admitted, evolves

Fig. 3. Shard Lifecycle Management.

as participants are recruited and resources are committed, and
is dismantled once results are verified and rewards are settled.

Fig. 3 illustrates the scheduling and resource-allocation work-
flow within the shard lifecycle. The entire shard lifecycle unfolds
in six distinct phases following Algorithm 1:

Task Scheduling Decision Phase: Tasks are forwarded to qual-
ified committee nodes with a measurable forwarding delay T̆r,
after which a single committee node becomes the aggregator for
tr. The aggregator sends invitations to candidate nodes satisfy-
ing the attribute requirements pr ⊆ pk, initiating the participant
recruitment process.

Resource Allocation Decision Phase: Candidate nodes re-
spond to invitations and contribute decision information. Based
on the responses, the aggregator executes the Task Scheduling
and Resource Allocation algorithm (Section V-C). If standard
scheduling succeeds, the aggregator determines the execution
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set Mr and task split ratios {θk}; if resource demands cannot
be satisfied, the Resource Tension Mechanism (Section V-D) is
triggered for dynamic recruitment.

Task Data Distribution Phase: With the issuance of confirma-
tion messages, the shard is finalized. The aggregator distributes
task input data to all nodes in the participation set Mr accord-
ing to the computed split ratios θk, while sending execution
confirmations. Messages that confirm participation serve a dual
purpose: they both lock in the membership ofMr and convert the
tentatively held resources into committed task-specific reserva-
tions that trigger the transfer of task inputs to the corresponding
nodes. Consequently, for a confirmed participant, execution
proceeds on the reserved share once its inputs arrive, rather than
entering an additional uncontrolled node-local execution queue
after confirmation.

Task Execution Phase: Each participating node executes its
assigned task portion in parallel within the shard. Each nodevk ∈
Mr processes input sharedkr = θk × dr and compute sharefk

r =
θk × fr. The aggregator tracks progress and maintains shard-
local state, ensuring that data movement and control converge
in time.

Task Completion and Result Submission Phase: Nodes return
execution results to the aggregator upon completion. The aggre-
gator collects and aggregates partial results from all participating
nodes.

Reward Distribution and Resource Release Phase: The aggre-
gator validates the correctness of aggregated results. If the task
meets its specification, all participants including the aggregator
receive corresponding rewards according to ṗr. Finally, the slice
is dismantled, all reserved resources are released back to the
resource pool, and the shard lifecycle ends.

Because state and control remain confined to the shard, many
shards can advance concurrently with limited cross-task inter-
ference.

For conciseness, the detailed phase-by-phase justification is
deferred to Section II-C of the supplementary material. The re-
sulting control-plane computational complexity of Algorithm 1
is

CAlg. 1 =

{
O(Ns logNs), normal scheduling path,
O((Hr + 1)Ns logNs) , resource tension path.

(13)

C. Task Scheduling and Resource Allocation Decisions

A task admitted into the DCCS is routed based on network
latency to the nearest committee nodes satisfying the attribute
requirements pr, with the forwarding process incurring a mea-
surable delay T̆r. Other qualifying committee nodes, though
not receiving the task directly, are notified of the task arrival
to facilitate their data analysis and statistics tracking. From that
moment, the selected committee node becomes the aggregator
for the task, serving as the task’s coordinator and decision maker:
it interrogates admissible nodes about their instantaneous avail-
ability, estimates end-to-end latency contributions, and coordi-
nates invitations so that the emerging shard can meet the deadline
Lr with predictable quality of service. Rather than issuing

Algorithm 1: Task Lifecycle Management.

broad, speculative requests, the aggregator advances through an
orderly screen—estimate—invite process that reduces avoidable
contention and shortens task startup latency. Fig. 3 illustrates
the overall process architecture, while the remainder of this
subsection details the mechanics and explains why each design
choice matters for scale and reliability in DCCS.

1) Evaluation Score Calculation: The aggregator rr first
ranks non-busy candidates vk to expose those that are both fast
and dependable. Latency is assessed with a conservative surro-
gate that captures the dominant components of the end-to-end
path for tr:

Ts =
dr
ua

+
ϕr × dr

uk
+RTTk +

fr × (1− ar)

ck

+max

(
fr × ar × (1− br)

ck
,
fr × ar × br

gk

)
, (14)

where dr and fr denote the input size and total floating-point
work of tr, ua is the aggregator’s allocable uplink for tr, uk is
the allocable uplink of vk, ϕr reflects result selectivity, RTTk

is the measured round-trip time between the aggregator and vk,
and ck, gk are the currently available CPU and GPU compute
resources of vk. Screening uses the same dr and fr across can-
didates to ensure a fair, task-centric comparison. The reciprocal
of Ts is normalized to yk to represent the latency component.
Beyond latency, the composite evaluation incorporates the rep-
utation score Rk ∈ [0, 100] as defined in the system model.
Additionally, p̆kr represents the predicted position of task tr in
node vk’s invitation queue, determined by simulating the node’s
invitation acceptance mechanism, with the specific node admis-
sion strategy detailed in Section V-C2. The composite evaluation
is

S(tr, vk) = ωc × yk +
ωr ×Rk

100
+

ωp

p̆kr
, (15)

where ωc, ωr, and ωp control, respectively, the sensitivity to
expected latency, to long-run reliability, and to the near-term
rejection risk implied by the node’s local queue. Sorting by S(·)
produces a stable ordering that favors low-delay, high-reputation
nodes while gently diversifying away from crowded queues.
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2) Candidate List Generation: Starting from the score-
ordered list, the aggregator sequentially constructs a candidate
prefix and computes an expected task split ratio θk for each
node. Because the invitation-and-response process has not yet
completed, the actual waiting time is still unavailable at this
stage. Let Ns denote the total count of admissible nodes with
nonzero allocable capacity that satisfy pr ⊆ pk. TACS there-
fore uses a conservative screening surrogate with RTTmax �
max(RTT1, . . . , RTTNs

) and βr,k � dr

ua
+ ϕr×dr

uk
. The result-

ing candidate-stage estimator is

θk =
[Lr − T̆r −RTTmax −RTTk]× ck
fr × (1− ar × br) + βr,k × ck

. (16)

This closed form directly inverts the remaining deadline budget
into the expected share that node vk can contribute under con-
servative planning. The detailed derivation from T e

r,k to (16) is
deferred to Section II-B of the supplementary material.

The aggregator continues down the list, accumulating θk until
the theoretical coverage

∑E
i=1 θi first meets or exceeds one. If

this sum cannot reach or exceed unity, the Resource Tension
Mechanism mentioned in Section V-D will be triggered to ensure
task completion.

The above reasoning is coupled with a measured over-
provisioning step to offset stale state and transient contention.
Due to the untimely updates of node state information, or the
intensified resource competition caused by high concurrency of
task execution, resources previously marked as available may
already be occupied during actual allocation, leading to time
consumption from repeated requests. To address this problem,
TACS employs a minimum redundancy invitation factor μc that
scales the number of invitations beyond the theoretical minimum
required for task completion. If the top E candidates suffice in
principle, the aggregator still invites the top W candidates in the
score-ordered list to absorb short-term variability:

W = min(Ns, �E ×max(μc ×Ns, λt, 1)	), (17)

where λt is the recent arrival rate calculated by the aggregator
through task arrival statistics as the average number of tasks
with specific attribute requirements pr arriving over the previous
several time units (e.g., 3 time units), andμc≤1 bounds the min-
imum redundancy. The firstE invitations are flagged as formal to
signal high likelihood of inclusion, while the remaining W − E
are flagged informal so that nodes can make informed decisions
about pre-reservation without starving other workloads.

Upon receiving invitations, the core of node resource allo-
cation decisions lies in comprehensively evaluating the infor-
mation sent by the aggregator against their own state, running
corresponding invitation processing strategies to rank the invita-
tion list by preference, and then selecting invitations sequentially
based on their available resources. For node resource allocation
decisions, TACS can design different node decision mechanisms
according to the system’s optimization objectives. For example,
considering node revenue, task invitations can be selected based
on task profitability. Due to space limitations, we present a
robustness-oriented example in Section II of the supplementary
material.

3) Final List Generation: Once responses arrive, the ag-
gregator waits at most max(RTT1, . . . , RTTW ), forms the
positive-response set M+

r , and reorders M+
r by the evaluation

score for consistency. The candidate-stage quantity θk is only
a screening estimate; after the actual waiting time Tw

r,k is ob-
served, the aggregator recomputes the final allocation θk for
each responding node. The remaining execution budget is

T e
r,k = Lr − Tw

r,k −
(
dkr
ua

+
ϕr × dkr

uk
+RTTk

)
. (18)

Using dkr = θk × dr and the shorthand βr,k defined above, the
per-node allocation becomes

θk =
[Lr − Tw

r,k −RTTk]× ck

fr × (1− ar × br) + βr,k × ck
. (19)

If Lr − Tw
r,k −RTTk ≤ 0, the schedule is fragile, and TACS

uses a tolerance-adjusted closed-form recomputation:

θk =
[f̃ × Lr − Tw

r,k −RTTk]× ck

fr × (1− ar × br) + βr,k × ck
. (20)

The detailed rationale for this recomputation is deferred to
Section II-B of the supplementary material. This tolerance-
adjusted recomputation is retained only to preserve an explicit
algebraic continuation of the sequential scan when the directly
inverted numerator becomes nonpositive under the observed
waiting time. The deadline-feasibility guarantee stated in The-
orem 1 is deliberately restricted to the direct positive-residual
branch Lr − Tw

r,k −RTTk > 0.
The aggregator then scans the reordered set M+

r sequen-
tially and admits nodes into the final participation set Mr

until
∑

vk∈Mr
θk ≥ 1. For multi-node tasks, the last admitted

node’s share is trimmed to 1−∑
vi∈Mr\{vQ} θi to avoid over-

allocation; for single-node tasks it is clamped to 1.
The last admitted node is trimmed and then right-sized. Under

T e
r,Q, the minimum CPU and GPU reservations are

c̃Q =
fQ
r × (1− ar × br)

T e
r,Q

, (21)

g̃Q = max

⎛
⎝ fQ

r × ar × br

T e
r,Q − fQ

r ×(1−ar)
c̃Q

,
br × c̃Q
1− br

⎞
⎠ , (22)

where εQc and εQg denote the CPU and GPU redundancy factors
for the last admitted node vQ. The final committed reservations
are

c̈Q = min
(
εQc × c̃Q, cQ

)
, (23)

g̈Q = min⎛
⎝εQg ×max

⎛
⎝ fQ

r × ar × br

T e
r,Q − fQ

r ×(1−ar)
c̈Q

,
br × c̈Q
1− br

⎞
⎠ , gQ

⎞
⎠ , (24)

The detailed derivation, redundancy rationale, and boundary-
case handling are deferred to Section II-B of the supplementary
material.
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Once the complete task scheduling and resource allocation
decisions are obtained, the aggregator sends the relevant de-
cisions as confirmation messages for node participation in the
computing slice, along with the corresponding task data for each
node, to the nodes on the final participation list Mr. Simulta-
neously, the aggregator notifies the responding but ultimately
unselected nodes that the task decision has been completed,
which enables them to remove the task from their invitation lists
and unlock the corresponding tentative reservations, preventing
interference with other tasks. The complete workflow appears
in Algorithm 2, which spells out the four phases end to end and
makes explicit the precise points where estimates are refined
into commitments. In particular, when Phase 2 cannot form a
theoretically sufficient candidate set, Algorithm 2 transfers con-
trol directly to Algorithm 3 with M incomplete

r = ∅, after which the
dynamic recruitment process is handled entirely by Algorithm 3.
When Phase 4 ends with

∑
vk∈Mr

θk < 1, it transfers control
with the currently admitted set Mr as the inherited incomplete
participant set.

For conciseness, the detailed phase-by-phase justification is
deferred to Section II-C of the supplementary material. The re-
sulting control-plane computational complexity of Algorithm 2
is

CAlg. 2 = O(Ns logNs). (25)

D. Resource Tension Mechanism

Across multiple shards, we adopt an asynchronous, shard-
independent scheduling semantics: each shard progresses on
its own timeline without any global synchronization barrier.
When the aggregator cannot assemble a feasible candidate set or
finalize the participation list for a shard in time, the shard does
not stall; instead, it activates the resource tension mechanism
as a controlled fallback. The mechanism starts from the partial
scheduling state exported by Algorithm 2. LetM incomplete

r denote
the inherited participant set at the moment the normal scheduler
gives up. If Phase 2 fails before any feasible accepted set is
formed, then M incomplete

r = ∅. If Phase 4 ends after positive
replies have been collected but before full coverage is reached,
then M incomplete

r = Mr, namely the accepted set accumulated
by the normal scheduler. The aggregator promotes these nodes
to the shard’s final participants and starts their assigned work
without delay, while continuing recruitment over the currently
admissible nodes ranked by the same evaluation score used in
normal scheduling. Each positive reply triggers an immediate
recomputation of that node’s share θk under scarcity and an
update to the cumulative allocation. Because the cumulative
allocation is monotonically nondecreasing, the loop terminates
as soon as the sum first reaches or exceeds one, at which point
the last entrant’s share is trimmed to close precisely at one.

The allocation computation in tension mode follows the
same closed-form formulas as the standard scheduling path.
When a new node vk enters during the tension mechanism,
the aggregator computes θk using the same allocation formula
from Section V-C. However, the redundancy factor calculations
in (23) and (24) employ different parameters to account for

Algorithm 2: Task Scheduling and Resource Allocation.

the heightened uncertainty in resource-constrained scenarios.
Specifically, the system uses ε̂ as the perceived degree of re-
source shortage for redundancy factor computation, which gov-
erns how conservatively we size resource contributions under
tension conditions. Additionally, the urgency contribution factor
ë in tension mode replaces the standard factor ė used in normal
scheduling, ensuring that CPU and GPU reservations adequately
absorb the compound uncertainty of congested links, competing
requests, and potential node failures. If the cumulative allocation
crosses one upon adding node vk, the aggregator trims θk to
1−∑

vi∈Mfinal
r \{vk} θi and immediately recomputes the required

resources for this trimmed share using (23) and (24) with the
same tension-mode parameters, ensuring that the final node is
properly sized rather than over-committed.

Algorithm 3 summarizes this procedure.
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Algorithm 3: Resource Tension Mechanism.

For conciseness, the detailed phase-by-phase justification is
deferred to Section II-C of the supplementary material. The re-
sulting control-plane computational complexity of Algorithm 3
is

CAlg. 3 = O(HrNs logNs) . (26)

Viewed end to end, the resource tension mechanism com-
plements the baseline scheduler with a principled safety net.
It also explains how TACS remains responsive when demand
spikes or attribute constraints restrict admissible supply. By
turning unavoidable scarcity into structured, monotonic progress
and by overlapping negotiation with execution, the mechanism
maintains deadline awareness without sacrificing stability.

E. Feasibility Guarantee for Closed-Form Allocation

In the final assignment stage, non-last participants are handled
in two algebraic cases. When Lr − Tw

r,k −RTTk > 0, TACS
uses the direct closed-form rule in (19). When this residual term
is nonpositive, TACS invokes the tolerance-adjusted recompu-
tation in (20) only to preserve the sequential accumulation logic.
The feasibility guarantee below is therefore stated for the direct

positive-residual branch together with the trimmed last-node
right-sizing step.

Theorem 1 (Feasibility Guarantee for Closed-Form Alloca-
tion): For any task tr, let Mr denote the final participation
set returned by the normal scheduling path of Algorithm 2.
Assume that Lr − Tw

r,k −RTTk > 0 holds for all vk ∈ Mr.
Under the condition that the per-task reserved resources used
for latency evaluation are realizable during execution, the final
allocation produced by TACS by computing shares for non-last
nodes through the direct closed-form rule in (19) and performing
share trimming and right-sizing for the last node via (23) and
(24) satisfies the system-model node-level latency feasibility
constraint in (11), and consequently the conservative end-to-end
latency satisfies Tr ≤ Lr.

For conciseness, only the theorem statement and a proof
sketch are included in the main text. The complete proof is
provided in Section II-C of the supplementary material.

Proof: Under the stated assumption, every non-last node
in Mr is assigned through the direct closed-form rule in (19),
which is obtained by solving the node-level latency feasibility
constraint under the observed waiting time Tw

r,k and the same
planning parameters used by TACS in final assignment. Substi-
tuting the induced split dkr = θkdr and fk

r = θkfr back into that
constraint therefore makes the inequality hold by construction
for every non-last participant on the guaranteed branch. For the
last node, the final share is fixed by trimming, and (23) and
(24) right-size the CPU and GPU reservations for that fixed
workload under the remaining execution budget. Under the
assumption that the resource reservations used in this latency
evaluation are realizable during execution, the last node satisfies
the same node-level feasibility inequality. Hence (11) holds for
all vk ∈ Mr, and taking the maximum over Mr yields Tr ≤ Lr.
The tolerance-adjusted recomputation in (20) is outside the
scope of this theorem and is used only to preserve an explicit
algebraic continuation of the scan when a scanned node has
nonpositive residual budget. �

VI. PERFORMANCE EVALUATION

This section turns the design commitments of TACS into
measurable evidence. We evaluate whether per-task micro-
slicing, shard-local control, and the resource tension mecha-
nism together deliver deadline-aware provisioning in a DCCS
without sacrificing scalability or stability. To validate TACS
effectiveness in DCCS environments, we specifically evaluate
the following key questions: whether TACS can achieve precise
supply-demand matching under strict latency budgets Lr while
maintaining scalability when confronting the challenges posed
by DCCS’s arrival burstiness, heterogeneity, and large-scale
characteristics. To make these questions actionable, we adopt
workloads that vary input sizes dr, compute footprints fr, at-
tribute constraints pr, and CPU/GPU mix (ck, gk), and we sweep
network conditions through realistic round-trip timesRTTk and
bandwidth configurations consistent with the system model in
Section III. All symbols and constraints follow the definitions
introduced earlier, including the scoring weights (ωc, ωr, ωp),
the tolerance factor f̃ , and the redundancy controls in (23) and
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TABLE II
EXPERIMENTAL SETTINGS SUMMARY

(24). Regarding the impact of each tunable parameter in the
algorithm on its performance, we conducted parameter experi-
ments. Due to space limitations, the results and related analysis
are presented in Section IV of the supplementary material.

A. Simulation Setup

Guided by the DCCS reference architecture of Dustdar
et al. [1], we emulate a large-scale continuum that grows from
100 to 1000 heterogeneous resources. The pool blends edge
devices, cloud virtual machines (VMs), and serverless configu-
rations, which we refer to uniformly as computing nodes. Each
node exposes the attributes defined in Section III, including its
CPU and GPU capacities (ck, gk), access and peer bandwidths,
round-trip time RTTk, and a vector of special attributes pk used
to match tasks with eligible executors. To stress scalability, we
sweep the cluster size while keeping the workload mix constant;
to examine heterogeneity, we vary the composition of edge, VM,
and serverless instances and their (ck, gk) budget according to
the ranges defined in the system model.

1) Workload and Arrival Process: Tasks arrive as a mem-
oryless process with an exponential inter-arrival distribution
parameterized by the mean rate configured for each experiment.
Upon arrival, a task advertises its special-attribute requirement
pr and is matched only against nodes whose pk satisfy that con-
straint. The remaining task fields follow the notation introduced
earlier: input size dr, compute footprint fr, deadline Lr, and the
decomposition factors (ar, br) that split preprocessing, parallel
compute, and aggregation in accordance with Section III. The
key settings of scale, load, and arrival intensity used in the
experiments are summarized in Table II.

2) Baselines and Adaptation: To position TACS against rep-
resentative designs, we compare it with four baselines. The
first three are adapted from recent advanced systems that all
strive for dynamic and efficient resource management through
network slicing, employing distinctly different architectures
and decision making to balance service guarantees of individ-
ual slices with overall network efficiency: Dual-Timescales
Optimization (2024) employing machine learning for dynamic
scheduling, Slicing Window Adaptation (2024) employing dy-
namic window adjustment, and GREET-based method (2023)
employing game-theoretic arbitration for fair competition [17],
[18], [30]. We port these methods to our DCCS by aligning
their resource and timing models with Section III and by inter-
facing their schedulers with the same node inventory, attribute

matching, and communication layer. The fourth baseline is a
traditional static slicing strategy that fixes slice proportions per
task type. Table III summarizes for each method the correspon-
dence between slices and tasks, the slice-adjustment policy, the
allocation mechanism, and the scheduling logic. We retain the
original decision granularity and control flow of each baseline
and apply only the minimal adaptations that are necessary for
compatibility and feasibility while remaining faithful to the
corresponding paper’s design intent, thereby ensuring a fair
comparison.

For the baselines adapted from prior work, we preserve the
original method design and optimization logic as much as
possible, and make only the minimal modifications required
for compatibility with our DCCS simulator and for tractable
execution in the large-scale setting. For Dual-Timescales Opti-
mization, the original fine-timescale scheduler uses an explicit
high-dimensional binary action whose dimension grows with the
node population and does not converge reliably in the thousand-
node regime. We therefore modify only this action parameteri-
zation, replacing it with a scalable continuous preference-vector
representation followed by feasibility masking and decision
mapping. Apart from this necessary change, the baseline remains
faithful to the original method structure and policy logic. Slic-
ing Window Adaptation performs re-slicing at slicing-window
boundaries and executes DDQN scheduling in each 1 s slot
within the active window. The GREET-based baseline is updated
online on each task arrival, honoring guaranteed shares first and
then allocating residual capacity through competitive sharing.

To ensure reproducibility, Table IV reports the key hyper-
parameters, update cadence, and convergence criteria of all
baselines. Full implementation details are provided in Section III
of the supplementary material.

3) Fairness and Configuration Discipline: All methods run
over the same node set, the same link-level delays and band-
widths, and the same task arrival trace. Unless otherwise stated,
we evaluate each method under its default configuration tuned
for stable operation; the parameter sensitivity results are reported
in the supplementary material. For a controlled comparison,
all methods share the same attribute information and matching
rule for {pr, pk}, and they use the same resource and network
accounting, including (ck, gk) and RTTk.

Statistical reporting and stability visualization: Results for
TACS are mean ± std over 10 runs; baselines are evaluated
with fixed converged policies under the same traces; due to
space constraints, the detailed evaluation protocol and reporting
rationale are provided in Section III-C of the supplementary
material.

B. Ablation Study

To disentangle how each control mechanism contributes to
TACS performance under resource pressure, we conduct an
ablation study on a 100-node DCCS under increasing system
load. We remove, one at a time, three core mechanisms: the Re-
source Tension Mechanism that continues recruiting participants
when cumulative allocation risks falling short, Redundant Invi-
tations that hedge against stale availability information during
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TABLE III
BASELINE METHODS COMPARISON

TABLE IV
CONDENSED KEY SETTINGS OF THE BASELINE METHODS

Fig. 4. Component Impact Assessment under Increasing Load.

the invitation phase, and Redundant Resources that introduce
safety margins in the last admitted node.

Fig. 4 shows that complete TACS keeps the deadline viola-
tion rate within 0.33%–0.42% while sustaining throughput near
15.80 tasks/s across the tested load range. Once any mechanism
is removed, the gap becomes visible under load: removing the
Resource Tension Mechanism raises violations to 0.42%–0.50%,
removing Redundant Invitations causes the most severe degra-
dation with violations rising to 20.83% and throughput falling
to 8.22 tasks/s, and removing Redundant Resources increases
violations to 3.87% under high pressure. Due to space con-
straints, the detailed component-wise interpretation, including
the quantified degradation of each variant and the explanation
of their complementary roles, is provided in Section III-F of the
supplementary material.

C. Supply–Demand Matching Performance

Anchored in prior studies on deadline-aware orchestration
and large-scale resource control [36], [37], we evaluate supply–
demand alignment with two service-centric indicators: the dead-
line violation rate, which tests whether provisioned resources

Fig. 5. Supply–demand matching under varying arrival intensity.

and their orchestration satisfy each task’s latency budget, and
system throughput, which reports how effectively the substrate
converts available capacity into completed work. Read together,
these curves tell whether a method preserves reliability while
pushing the capacity frontier in DCCS.

To validate TACS’s supply-demand matching capabilities
against DCCS’s arrival burstiness characteristic, we design
arrival-rate sweep and load ramp experiments to test system
performance in maintaining resource supply and task demand
alignment under varying task arrival intensities and system load
conditions.

1) Arrival-Rate Sweep: Fig. 5(a) and Fig. 5(b) summarize
the behavior as the task arrival rate increases. Specifically, TACS
attains a mean violation rate between 0.36% and 0.45%, and a
mean throughput ranging from 2.51 to 15.79 tasks/s. In contrast,
Dual-Timescales Optimization shows violations between 2.42%
and 4.58% with throughput from 2.41 to 10.8 tasks/s, Slicing
Window Adaptation exhibits violations from 2.33% to 3.09%
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Fig. 6. Supply–demand matching under increasing system load.

with throughput spanning 1.76 to 9.39 tasks/s, GREET demon-
strates violations ranging from 5% to 6.42% with throughput
between 2.45 and 8.83 tasks/s, while Static slicing produces
violations from 8.75% to 9.75% with throughput limited to 1.7
to 3.21 tasks/s. This gap is consistent with the design: TACS
computes, at the level of an individual task, the exact CPU
and GPU contributions needed to close its end-to-end latency,
then hardens those budgets inside a shard so that interference
from other jobs is structurally contained. The slicing-window
adaptation baseline is the closest competitor because it shortens
decision windows under pressure; however, it still plans at the
slice type rather than per task, which leaves residual coupling
that surfaces as sporadic misses under bursty contention. The
GREET-based method illustrates a different limitation. Once
guaranteed shares saturate at high intensity, the pool of excess re-
sources available for weight-based competition shrinks sharply.
Even though urgent tasks carry higher weights, the residual pool
becomes too small to restore feasibility, and violation rates rise.
A static slice is least adaptable, as fixed proportions cannot track
a time-varying workload mix. Throughput grows with arrival
intensity for TACS, dual-timescale optimization, and GREET,
yet TACS leads in the tested region because it can assemble
fractional contributions from multiple nodes into a feasible
shard without waiting for a single node to free a monolithic
block, which improves the match between offered supply and
instantaneous demand.

2) Load Ramp: Under increasing offered load, the contrast
becomes clearer in Fig. 6(a) and Fig. 6(b). TACS keeps the mean
deadline violation rate within a narrow0.35%to 0.38% range and
sustains a nearly flat mean throughput of 15.79 to 15.8 tasks/s.
In contrast, baselines exhibit much wider performance vari-
ations: Dual-Timescales shows 3.5% to 27% violations with
6.71 to 15.8 tasks/s throughput, Slicing Window demonstrates
2.17% to 20.83% violations with 4.48 to 15.8 tasks/s through-
put, GREET exhibits 4.92% to 20.25% violations with 2.38 to
9.38 tasks/s throughput, and Static slicing shows 6.33% to 27%
violations with 6.71 to 6.85 tasks/s throughput. TACS’s stability
primarily benefits from two synergistic mechanisms. First, the
shard lifecycle management mechanism dynamically allocates
and releases resources as tasks progress through preprocessing,
parallel compute, and aggregation phases, thereby promptly

Fig. 7. Micro-level load balancing characterization under high demand: active-
node ratio and Hot-90 capacity share over time.

reclaiming transient idle resources. Second, when the initial
participant set cannot provide sufficient resources, the resource
tension mechanism enables continued recruitment of additional
nodes while confirmed participants begin task execution, con-
verting potential deadline violations into on-time completions
without blocking critical execution paths. GREET saturates its
guaranteed shares at high load and its proportional fairness on the
residual pool disperses scarce capacity across many contenders;
many tasks receive partial help but not enough to satisfy end-
to-end budgets, which depresses throughput and raises misses.
The dual-timescale method protects throughput better than static
slicing through TD3 micro-decisions, yet it lacks the per-task
isolation and fine-grained composition that keep TACS inside
a tight reliability envelope. The slicing-window method adapts
quickly by shortening windows, which helps it hold capacity, but
without per-task budgeting it cannot fully neutralize interference
when several latency-sensitive paths collide.

3) Micro-Level Load Balancing Patterns and Hotspot Cov-
erage Assessment: To further examine the micro-level oper-
ating pattern of TACS under high load, this subsection fol-
lows the load-ramping experiment and selects the load level of
92,576GFLOP/s as the observation point. With reference to
prior studies [38], [39], we extract two time-varying diagnostics
from node-level operating trajectories at this load level. The
active-node ratio denotes the proportion of eligible nodes that
actually undertake task load, reflecting the spreading degree of
load over available nodes. The Hot-90 capacity share denotes
the share of available computing capacity covered by nodes
whose compute utilization exceeds 90%, where node utilization
is measured by the capacity-weighted aggregation of CPU and
GPU occupancy on the same node, and is used to characterize
the coverage of high-utilization hotspots.

As shown in Fig. 7, after the initial transient, the active-node
ratio remains at a medium-to-high level for most of the run,
whereas the Hot-90 capacity share stays close to zero and rises
only briefly in a few intervals. This suggests that under high
demand, TACS tends to spread pressure across the eligible node
set rather than sustain persistent hotspots on a small subset of
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nodes. Due to space constraints, the exact metric definitions,
the extraction procedure, and further analysis are provided in
Section III-G of the supplementary material.

4) Interpretation and Takeaways: The curves support a con-
sistent interpretation. Facing DCCS’s arrival burstiness chal-
lenge, TACS achieves supply-demand alignment at the granu-
larity where work actually happens through task-level micro-
slicing. By computing required contributions from each node
for the job at hand, protecting those allocations inside a shard
that moves with the task, and admitting fractional contributions
without waiting for whole-node availability, TACS effectively
mitigates the two classic pitfalls of distributed provisioning:
overcommitment that breaks deadlines and under-utilization that
wastes capacity. The result is a system that maintains deadline
miss ratios near zero while sustaining the throughput ceiling
set by the substrate under varying arrival intensities and loads.
Further node-level occupancy patterns indicate that TACS is
able to distribute the load more sufficiently within the eligible
node set rather than sustained pressurization on a small number
of nodes. This behavior is consistent with the control logic
of TACS: candidate nodes are ranked by the comprehensive
evaluation score, so that nodes with higher short-term admission
risk or those in congested queues naturally move backward in the
ranking; and because the resource shortfall is filled by expanding
the participant set and accumulating coverage, the system in the
high-pressure stage is less likely to form a structural pattern of
“some nodes being overloaded for a long time while other nodes
are idle”.

D. Scalability Performance

To validate TACS’s scalability performance against DCCS’s
heterogeneity and scale characteristics, we stress TACS along
two critical dimensions: increasing resource heterogeneity and
growing substrate size. Heterogeneity is controlled by a param-
eter that sets the standard deviation of a log-normal distribution
governing node capacities; moderate values (0.4–0.8) emulate
mainstream cloud or enterprise clusters with multi-generation
hardware under managed variance, while higher values (0.8–1.5)
reflect real DCCS and edge settings where device classes and
vendors mix freely. This knob directly widens the spread of
available {ck, gk} across nodes, which challenges any policy
that assumes uniformity.

1) Heterogeneity Sweep At 100 Nodes: Fig. 8(a) and Fig. 8(b)
report deadline violation and throughput as the heterogeneity
parameter grows from 0.55 to 1.35. Across heterogeneity levels,
TACS achieves a near-zero violation rate on average, with the
mean ranging from 0.08% to 0.99%, while maintaining a consis-
tently stable mean throughput between 12.30 and 12.74 tasks/s
(a variation of approximately 3.5%). This stability follows
directly from per-task slicing and the closed-form allocation
in Section V: each shard asks only for the CPU and GPU
contributions it needs from each participant, so differences in
raw node capability do not propagate as timing uncertainty.
Baselines show substantial performance degradation as hetero-
geneity increases: Dual-Timescales Optimization exhibits viola-
tions spanning 0.83% to 20.42% with throughput ranging from

Fig. 8. Impact of resource heterogeneity in a 100-node DCCS.

Fig. 9. Heterogeneity impact at scale (1000-node DCCS).

2.61 to 14 tasks/s, Slicing Window Adaptation demonstrates
violations from 1.58% to 7.5% with throughput between 1.99
and 12.42 tasks/s, GREET shows violations ranging from 1.67%
to 12% with throughput spanning 0.93 to 11.33 tasks/s, while
Static slicing exhibits violations from 3.25% to 14.83% with
throughput between 2.21 and 10.85 tasks/s. Dual-Timescales
Optimization’s degradation stems from its reliance on TD3 with
a continuous action space; when capacity dispersion widens,
identical action magnitudes map to very different execution
effects across nodes, which complicates function approximation
and yields miscalibrated allocations. By contrast, Slicing Win-
dow Adaptation employs DDQN over a discrete action space
and focuses on node selection; this avoids modeling continuous
magnitudes under skew and therefore degrades more gracefully
by preferentially picking stronger nodes when they are present.
GREET’s guaranteed shares remain helpful at moderate skew,
but its residual pool for weight-based competition thins as
dispersion increases, limiting its ability to restore feasibility
under bursts. Static slicing, as expected, cannot reshape fixed
proportions to track widening variance.

2) Scaling Out to 1000 Nodes: To probe scalability, we
increase the platform to 1000 nodes while keeping task in-
tensity fixed. We set the arrival rate to 100 tasks/s to match
the larger substrate and vary heterogeneity from 0.7 to 1.3.
Fig. 9(a) and Fig. VI-D2 show that TACS maintains a mean
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Fig. 10. Cross-scale performance comparison under varying heterogeneity
(100 vs. 1000 nodes).

violation rate within 0.31%–0.97% while sustaining a mean
throughput of 34.93–40.61 tasks/s across the full range. At
low heterogeneity (0.7–0.8), several baselines are competitive:
Dual-Timescales posts 0.92%—18% violations with 11.23—
41.47 tasks/s; GREET achieves 0.50%—3.92% with 17.44—
45.83 tasks/s; and Slicing Window Adaptation records 0.58%—
3.75% with 7.23—28.38 tasks/s. As dispersion intensifies (0.9–
1.3), the spreads widen. Dual-Timescales’ violations expand to
3.83%–18% with throughput 11.23–28.61 tasks/s, reflecting the
difficulty of stabilizing continuous control under skew. Slicing
Window Adaptation ranges from 0.92% to 3.75% with 7.23–
27.63 tasks/s; its discrete choices remain smoother than contin-
uous magnitudes but still oscillate as the candidate set broadens.
GREET ranges from 0.83% to 3.92% with 17.44–27.58 tasks/s,
limited by fair sharing on an over-subscribed residual pool.
Static slicing remains the least adaptable, with 4.58%–19.92%
violations and 1.19–23.01 tasks/s throughput.

3) Cross-Scale View and Interpretation: Finally, Fig. 10(a)
and Fig. 10(b) juxtapose the 100-node and 1000-node regimes.
Throughput fluctuations become more pronounced for baselines
as scale magnifies the heterogeneity of choices. DDQN-based
Slicing Window Adaptation exhibits selection oscillations when
confronted with a much larger and more skewed candidate set,
which explains its irregular ups and downs across heterogene-
ity levels. TD3-based Dual-Timescales produces comparatively
smoother magnitudes, yet the function-approximation burden
of mapping continuous actions to highly nonuniform execution
effects leads to under- or over-shoot and, ultimately, wider
violation bands. TACS remains the most stable because each
shard reasons locally about its participants’ concrete capabili-
ties, composes fractional contributions to meet a single task’s
budget, and is therefore insensitive to the global diversity that
destabilizes system-wide learners. In other words, TACS scales
by construction: decentralization removes the central planner’s
bottleneck, and per-task budgeting prevents heterogeneity from
leaking into timing variance.

4) Topology-Aware Shard Coordination: To evaluate shard
coordination under different physical infrastructures, we vary
only the network topology while keeping task generation, node
population, offered load, and all algorithm parameters fixed.

Fig. 11. Topology sensitivity of shard coordination under representative con-
tinuum structures.

Due to space constraints, the physical-graph construction, the
shortest-path-based RTT derivation, and the additional topology
sensitivity details are presented in Section III-E of the supple-
mentary material.

The Flat topology approximates a low-latency local area
network (LAN) or single-datacenter setting with near-uniform
one-hop reachability. The 3-Tier Hierarchical topology captures
the cloud–fog–edge organization and enforces cross-domain
relaying through a cloud aggregation layer. The Multi-hop Mesh
topology models decentralized collaboration on a scale-free
multi-hop interconnection.

Fig. 11 reports deadline violation rate, throughput, and aver-
age end-to-end response time under three arrival-rate settings.
The mean RTT increases from 4.00 ms in Flat to 12.12 ms in
Multi-hop Mesh and 18.02 ms in 3-Tier Hierarchical, which
reflects the additional coordination distance introduced by multi-
hop relaying and cross-domain traversal. Even with this RTT in-
flation, the throughput curves remain nearly overlapping across
topologies, the deadline violation rate stays within 0.33%–
0.42%, and the average end-to-end response time differs by
only about 0.1 s. These results show that TACS maintains effec-
tive shard coordination under the topology-level RTT inflation
covered by the evaluated continuum structures: latency-aware
candidate scoring absorbs the changed coordination inputs, and
shard-local governance keeps feasibility and scalability stable,
as reflected by consistently low DVR, overlapping throughput
curves, and nearly unchanged response time across the tested
structures.

VII. CONCLUSION AND FUTURE WORK

This paper addresses the DCCS supply–demand matching
and scalability challenges arising from the compounding ef-
fects of scale, heterogeneity, and arrival burstiness by intro-
ducing TACS. TACS leverages task-level micro-slicing, ana-
lytic supply-demand matching guided by latency constraints,
and autonomous shard governance to achieve precise resource
provisioning and effective scalability.

Large-scale simulations show that TACS maintains deadline
violation rates below 1% and stable throughput across varied
scales and operating conditions, while avoiding retraining and
substantially outperforming existing methods. To the best of our
knowledge, TACS is the first framework to achieve task-level
resource provisioning in DCCS through distributed shard gov-
ernance with ephemeral micro-slices.

We also note the main limitations and corresponding next
steps.
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� Online-estimation fidelity and control-plane overhead: Bi-
ases in the inputs used for closed-form invitation and
resource-allocation decisions can affect robustness. In ad-
dition, although this paper quantifies protocol-induced sig-
naling volume on the control plane, the practical wall-clock
impact of invitation broadcasting, shard confirmation, and
dynamic recruitment under realistic network dynamics and
churn remains to be validated. Planned work: add adaptive
calibration with confidence-aware scoring and incorporate
batching and rate control into the invitation window W of
(17).

� Extension to precedence-constrained DAG tasks: The cur-
rent task model targets divisible workloads that admit
proportional parallel partitioning. Planned work: extend
TACS to stage-level micro-slicing, treating each DAG
stage as a task instance and coordinating dependencies at
stage boundaries while reusing shard-local scheduling and
closed-form allocation within each stage.

� Aggregator trust and fault tolerance: Although TACS
favors reputable, well-connected nodes when selecting
shard organizers, malicious or faulty aggregators can still
misroute or delay tasks. Planned work: add cross-shard
consensus and committee signatures.

� Validation beyond simulation: The current evaluation re-
mains simulation-based with tailored workloads and does
not yet establish external validity on real traces or on a
running prototype. Planned work: perform trace-driven
replay using edge–cloud task logs and IoT data streams,
and build an edge–cloud testbed prototype to quantify end-
to-end deadline satisfaction and control-plane overhead
under realistic conditions.

Together, these directions broaden task generality, strengthen
robustness, and improve external validity without changing the
core design.
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