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Abstract—Digital twins are increasingly used for performance
evaluation in distributed service platforms such as edge-to-
cloud environments, where twin models support computation
offloading, resource coordination, and system-level monitoring.
A key challenge is that unconstrained instantiation can re-
sult in twins that are difficult to validate with respect to
simulator assumptions, hard to reproduce due to inconsistent
execution conventions, or unstable under stochastic workload
variability and regime changes. We address these issues by
proposing a constraint-driven, schema-based methodology for
the instantiation and governance of operational digital twin
instances under an explicit twin simulation contract. The ap-
proach separates admissible schemas, which encode machine-
checkable constraints ensuring simulability and reproducibility,
from operational schemas, which preserve admissibility while
embedding descriptor-conditioned instantiation rules induced
offline. We evaluate the methodology on a canonical two-stage
service pipeline and on an edge–cloud offloading scenario with
network backpressure and tight resource bounds. Operational
schemas reduce admission loss by up to 86% and 62% in
the two scenarios, respectively, while lowering tail latency and
reducing its inter-configuration variability by over an order of
magnitude. The results show that admissibility alone does not
ensure reliable comparative evaluation, and that contract-aware
configuration governance improves robustness and predictability
under bounded resources. The complete framework, including
the simulator and configuration artifacts, is publicly released to
enable full reproduction of the experimental results.

Index Terms—Digital twins, edge computing, edge-to-cloud,
constraint-driven generation, performance evaluation

I. INTRODUCTION

Edge-to-cloud infrastructures are widely adopted to de-
ploy latency-critical services, enabling flexible placement and
computation offloading across heterogeneous resources. In
such environments, operational Digital Twins (DTs) support
simulation-based what-if evaluation for capacity planning
and configuration assessment under stochastic workloads and
regime changes. DTs originated in manufacturing and cyber-
physical production, but are now increasingly applied to com-
puting infrastructures and distributed service platforms, includ-
ing edge-to-cloud systems where twin models can represent
dynamic network conditions, resource usage, and computation
tasks [1].

DT engineering is often framed within a lifecycle perspec-
tive spanning creation, production, operation, and end-of-life
of the target system and its digital counterpart [2]. Within
this broad view, a critical transition lies between the initial
creation of a valid digital representation and its reliable use

during operation for predictive and exploratory analyses in
edge-to-cloud service platforms.

In many application settings, this lifecycle is complemented
by continuous data-driven synchronization mechanisms that
keep the twin aligned with an evolving operational system
[3]. However, independently of synchronization, effective eval-
uation fundamentally requires the ability to generate twin
instances that are valid, reproducible, and usable under the
modeling assumptions of the chosen simulator.

For edge-to-cloud service platforms, this requirement is
particularly stringent. Workload burstiness and shared-resource
variability can strongly affect tail behavior in large services,
where even minor configuration changes may lead to substan-
tial differences in tail latency and loss [4]. Twin instances must
therefore remain admissible, simulatable, and reproducible de-
spite stochastic fluctuations, backpressure effects, and regime
shifts that arise naturally in edge-to-cloud deployments.

Our work addresses the transition from twin creation to op-
erational use by introducing a constraint-driven methodology
for generating operational DT configurations under an explicit
simulation contract. Here, the term operational does not imply
modifying or optimizing the physical infrastructure online,
but rather ensuring that twin instances are reliable and robust
enough to support stable simulation-based evaluation across
admissible variations—a setting that is especially relevant
when generating twins for edge-to-cloud offloading decisions.

Unconstrained instantiation may produce twins that are
difficult to validate against simulator assumptions, hard to
reproduce due to inconsistent execution conventions, or un-
stable under workload variability [3], [1], [5]. To overcome
these limitations, our methodology formalizes the separation
between admissibility constraints—ensuring simulability and
reproducibility—and offline operational specialization rules,
enabling the single-pass generation of small, stable families
of valid twin variants.

We evaluate our methodology in an edge-to-cloud offloading
setting. We first study a canonical service pattern (a two-
stage service chain) as a controlled baseline to isolate stochas-
tic variability effects in a minimal but representative model
of latency-critical service pipelines. We then evaluate the
same admissible-to-operational specialization mechanism on
an edge-to-cloud offloading variant with an explicit network
transfer component that introduces additional backpressure
and tighter resource bounds. Results show that operational
schemas reduce tail latency by up to 27% and admission



loss by up to 86% in the canonical service pattern; in the
edge-to-cloud setting, tail latency is reduced by about 12%
and admission loss by about 62%, while also collapsing inter-
twin variability and improving predictability across admissible
variants.

The main contributions of this paper are summarized as
follows:
• A constraint-driven methodology for the instantiation and

governance of operational digital twins for edge-to-cloud
service platforms, grounded in an explicit twin simulation
contract.

• A two-layer schema formulation that separates admissi-
bility constraints—ensuring simulability and reproducibil-
ity—from offline-induced operational specialization rules,
enabling descriptor-conditioned single-pass generation of
small, stable families of twin variants.

• Operability summaries based on intra-twin and inter-twin
variability, complementing tail latency and admission loss
to quantify stochastic sensitivity across replications and
predictability across generated variants.

• An experimental evaluation organized to support edge-
to-cloud offloading: a canonical service pattern baseline
(Case Study I) followed by an edge-to-cloud offloading
scenario with explicit network transfer (Case Study II),
demonstrating improved robustness and reduced sensitivity
under workload regime changes.
The discrete-event simulator used for the experimental

evaluation, along with the complete twin simulation con-
tract specification, is publicly available at https://github.com/
SCAlabUnical/TWIN-OPS

The remainder of the paper is organized as follows. Sec-
tion II reviews related work. Section III presents the pro-
posed schema-based methodology and the offline induction
pipeline. Sections IV and V instantiate the methodology on
the canonical service-pattern baseline and on the edge-to-cloud
offloading case study, respectively, and report experimental
results. Section VI discusses results and Section VII concludes
the paper.

II. RELATED WORK

Digital twins (DTs) are commonly defined as digital coun-
terparts of physical or cyber-physical systems that integrate
models, data, and runtime connectivity to support monitoring,
prediction, and decision making across the system lifecy-
cle [2], [3]. In practice, DT-based solutions often combine
simulation models with data synchronization pipelines and
layered architectural components. However, even when the
overall structure is similar, implementations may rely on
heterogeneous semantic assumptions and incompatible exe-
cution conventions, undermining reproducibility and making
automated instantiation difficult to validate and govern [3],
[6], [7]. The lack of explicit semantic agreements and contract-
level execution rules further limits interoperability and hinders
systematic comparison and replication of DT configurations
across projects [8], [9].

DTs have become increasingly relevant in computing in-
frastructures and distributed service platforms, particularly
in edge-to-cloud environments where computation and net-
working dynamics affect operational behavior. In these do-
mains, twins support decision making tasks such as com-
putation offloading, resource coordination, and performance-
aware service management under time-varying workloads [1],
[5]. Representative approaches address edge selection and
task offloading policies [10], [11], and extend to collaborative
and incentive-aware mechanisms in broader IoT/IIoT settings
[12], [13]. However, these contributions typically assume that
suitable twin instances are already available and focus on
online optimization or control, rather than on governing the
instantiation layer under explicit simulation semantics.

A complementary line of work investigates the disciplined
construction of simulation-ready models through explicit spec-
ifications and constraint-driven generation, highlighting the
role of machine-checkable specifications and reusable struc-
tural archetypes in improving validity and reproducibility of
generated models [14]. In stochastic computing infrastructures,
where workload burstiness and shared-resource variability
dominate tail behavior [4], reproducibility and predictability
across admissible configurations become critical prerequisites
for trustworthy what-if analysis. Yet, many studies leave
implicit the constraints and execution contracts required to
ensure that automatically generated twin instances remain
simulatable, reproducible, and operationally stable.

Another related direction concerns DT-based testing and
validation. Digital-twin-based testing stresses the importance
of explicit correctness criteria, such as test oracles and con-
formance relations, to decide whether observed behavior is
acceptable. Defining such criteria becomes more challenging
when expected behavior shifts across operating contexts, mo-
tivating approaches that make evaluation conventions explicit
and machine-checkable [15]. These perspectives reinforce the
need for contract-driven governance mechanisms bridging
model validity and operational usability.

Overall, while DT research in edge-to-cloud computing has
explored monitoring, optimization, and control, the automated
instantiation of operationally reliable DT configurations re-
mains comparatively less specified, especially when only a
small family of variants must be generated in a single pass
under stochastic regime changes. Our work addresses this
gap through constraint-driven schemas and offline-induced
instantiation rules that ensure admissibility, reproducibility,
and predictable operational behavior across generated twin
families.

III. OPERATIONAL DIGITAL TWIN SCHEMAS VIA OFFLINE
INDUCTION

We now formalize our constraint-driven methodology for
constructing operational digital twin schemas from an admis-
sible family of valid twins. Contract-level admissibility guaran-
tees simulability and reproducibility, while offline-induced op-
erational specialization encodes descriptor-conditioned rules
for stable single-pass instantiation.

https://github.com/SCAlabUnical/TWIN-OPS
https://github.com/SCAlabUnical/TWIN-OPS
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Fig. 1. Six-phase methodology: Phases 1–5 induce descriptor-conditioned rules offline; Phase 6 instantiates a small operational family in a single pass.

As summarized in Fig. 1, the methodology follows a six-
phase pipeline. Phases 1–5 are executed offline to evaluate
admissible candidates under descriptor-defined regimes and
to induce deterministic instantiation rules, while Phase 6
generates, at run time, a small operational family in a single
pass given a descriptor of the intended operating conditions.
By construction, all instantiated twins remain admissible and
therefore simulatable and reproducible under the shared con-
tract semantics.

A. Methodological building blocks

Twin simulation contract: A twin simulation contract
C specifies the normative semantics shared by the generator
and the simulator. At a minimum, it fixes (i) the meaning
of reported indicators, (ii) event semantics (e.g., queueing,
loss, completion), (iii) admissible parameter domains, and
(iv) reproducibility conventions (e.g., deterministic seeding
and tie-breaking). The contract acts as the semantic anchor
that makes admissibility machine-checkable and simulation
outcomes comparable across generated twins.

Admissible schema: An admissible schema SADM de-
fines a family of twins that are valid by construction. In
practice, it encodes: (i) structural constraints (well-formed
topology), (ii) semantic constraints (parameter bounds and
invariants), and (iii) deterministic semantics (fixed policies and
consistent execution rules). Sampling from SADM produces
diverse twins that are all simulatable and reproducible under
C. Admissibility, however, does not by itself guarantee oper-
ational stability or predictable performance under stochastic
variability.

Operational schema: An operational schema SOPER

preserves admissibility while biasing generation toward op-
erationally effective behavior under explicit resource bounds.
Rather than performing online optimization or returning a sin-
gle offline optimum, SOPER encodes deterministic descriptor-
conditioned instantiation rules: given a descriptor x ∈ X , it
generates a seed configuration and a small family of admissible
operational variants around that seed.

Descriptors for regime-dependent specialization: A de-
scriptor x identifies the intended operating conditions under
which an operational twin should be robust (e.g., regime
label, environment class, workload/stress level). We assume
x is chosen from a finite set X defined a priori; offline
induction and instantiation are performed independently for
each x ∈ X . Descriptors provide the handle through which
offline specialization is tied to regime-dependent operating
conditions.

B. Six-phase pipeline

We outline the pipeline in six phases. Each phase is iden-
tified by its main operation, and the relevant artifacts are
introduced in context.

Phase 1: Admissible sampling: Starting from C and SADM ,
we sample an initial set of admissible twins, denoted TADM .
These are syntactically and semantically valid artifacts and
serve as starting points for exploration.

Phase 2: Bounded admissible exploration: We expand the
candidate set by generating additional admissible variants in
the neighborhood of sampled twins. Exploration operates un-
der an explicit budget (e.g., maximum variants per seed and/or
maximum evaluated candidates per descriptor), producing an
expanded admissible set TEXP .

Phase 3: Simulation-based evaluation: For each descriptor
x ∈ X , candidates in TEXP are simulated under the scenarios
associated with x, denoted Σ(x), using R independent replica-
tions per scenario. This phase returns per-candidate estimates
of a small number of primitive operational indicators, defined
by the contract and the domain, that will be used for selection
in Phase 4.

Phase 4: Multi-criteria selection with cost-aware size con-
trol: We perform selection using a multi-criteria (Pareto) filter.
Let

g(t;x) =
(
g1(t;x), . . . , gm(t;x)

)
be the vector of primitive operational indicators returned by
Phase 3 for candidate t under descriptor x (each gi is estimated
by averaging over replications). We assume that all primitive
indicators are to be minimized. A candidate t dominates t′

if gi(t;x) ≤ gi(t
′;x) for all i ∈ {1, . . . ,m}, with at least

one strict inequality. The non-dominated set for descriptor x
is denoted Px.

To obtain a deterministic finite elite subset suitable for
offline induction, we apply a monotone resource cost function
Cost(t) only for size control and tie-breaking within Px.
Specifically, if |Px| > E, we select an elite set Ex ⊆ Px

consisting of the E lowest-cost candidates under a determin-
istic tie-breaking rule. If |Px| ≤ E, we set Ex = Px. This
phase produces Ex for each descriptor x.

Phase 5: Offline induction of operational rules: For each
descriptor x, we induce a deterministic seed rule that maps
x to a seed twin tseed, and a deterministic perturbation rule
that defines an admissible bounded move set around tseed. We
select tseed as a representative element of the elite set Ex (the
medoid under a normalized ℓ1 configuration-space distance),
with deterministic tie-breaking.
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Fig. 2. Canonical service pattern baseline: two-stage service chain model.

Phase 6: Single-pass instantiation of operational families:
At generation time, given a descriptor x, the operational
schema applies the induced rules to produce tseed and in-
stantiate a family of K operational variants by executing
bounded perturbations around the seed. If a perturbation would
violate admissible bounds, it is handled deterministically via a
repair (or null-move) rule, so that all generated variants remain
admissible by construction.

IV. CASE STUDY I: CANONICAL SERVICE PATTERN
BASELINE

This section instantiates the proposed methodology on a
canonical service pattern modeled as a two-stage processing
pipeline, capturing the core structure of a data-center (DC)
request-processing service. The purpose of this case study
is to provide a controlled baseline that isolates stochastic
variability effects and makes it possible to quantify intra-/inter-
twin dispersion under an explicit discrete-event contract. This
baseline is then used to motivate and structure the edge-to-
cloud evaluation in Case Study II (Section V).

We define an admissible schema (DC ADM) captur-
ing structural and semantic constraints ensuring simulabil-
ity and reproducibility, and derive an operational schema
(DC OPER) via offline induction. The objective is to as-
sess whether offline-induced instantiation rules can improve
predictability under regime changes without requiring on-
line optimization. We stress the system using deterministic
burst windows and evaluate both nominal and bursty regimes
through two primitive indicators: tail latency and drop rate.
In addition, we report intra-/inter-twin variability of the same
indicators as measures of operational stability (Section IV-H).
Twins are generated either by direct sampling from DC ADM
(ADM) or by instantiation via DC OPER (OPER), and
compared under multiple replications. All numeric constants
for this case study are summarized in Table I.

A. System Model

As shown in Fig. 2, we model a service chain as a canonical
two-stage processing pipeline:

Source → Frontend → Backend → Sink.

The two service stages are indexed by k ∈ {1, 2}, where
k = 1 denotes the Frontend and k = 2 the Backend. A DT
configuration is defined by the per-stage server counts and
buffer sizes {Nd

k , B
d
k}2k=1, and by the service-time parameters.

For the canonical two-stage schema, we instantiate the medoid
distance over (Nd

1 , N
d
2 , B

d
1 , B

d
2 ), normalized by the admissible

parameter ranges. Service times are exponentially distributed
with means md

1 and md
2 (Table I). The workload enters the

system at the Source and traverses the two stages sequentially
until completion at the Sink. We evaluate tail latency and drop
rate under steady and burst-window workloads (Section IV-H).

B. Twin Simulation Contract Instantiation

The twin simulation contract instantiates a deterministic
discrete-event semantics for the pipeline, removing implemen-
tation ambiguity and ensuring reproducibility. Each stage k
consists of Nd

k identical non-preemptive servers with a FIFO
waiting buffer of size Bd

k , yielding total capacity Nd
k +Bd

k .
Admission control is enforced only at stage 1, while down-

stream finite capacity is handled via blocking-after-service on
the 1 → 2 transfer. The contract further specifies deterministic
event ordering, tie-breaking, and replication seeding conven-
tions, as documented in the released reference implementation.
Appendix A summarizes the essential clauses.

C. Admissible Schema (DC ADM)

A DC twin is admissible if, for k ∈ {1, 2},

Nd
k ∈ [Nd

min, N
d
max], Bd

k ∈ [Bd
min, B

d
max],

where the concrete bounds are reported in Table I, and all
simulator semantics follow the simulation contract.

D. Descriptor Set

For this case study we instantiate the general descriptor
notion as x = (ρ, b), where ρ denotes a (dimensionless) load
level and b ∈ {0, 1} is a stress flag distinguishing steady
workload (b = 0) from deterministic burst windows (b = 1).
The specific ρ values used in this paper are reported in Table I.

E. Workload Scenarios

We evaluate both steady and bursty arrival regimes.
• Steady workload. Arrivals follow a Poisson process with

constant rate λd
base(ρ).

• Deterministic burst windows. We introduce bursty work-
loads by periodically switching the Poisson arrival rate
between a low level λd

low and a high level λd
high. Bursts

occur every P time units and last for W , resulting in duty
cycle d = W/P and burst factor F = λd

high/λ
d
low (Table I).

Arrival rates are calibrated by defining a nominal backend
reference capacity as

Cd
ref = Nd

2,ref · (1/md
2),

and setting the steady baseline rate to λd
base(ρ) = ρ ·Cd

ref . For
burst windows, we choose λd

low and λd
high such that (i) the

time-average arrival rate equals λd
base and (ii) λd

high/λ
d
low =

F :

λd
low =

λd
base

(1− d) + dF
, λd

high = F λd
low. (1)

This choice preserves the same mean load λd
base while con-

trolling burstiness through F and d.



F. Operational Schema (DC OPER)

DC OPER is obtained by specializing DC ADM through
offline induction. For each descriptor x, we evaluate a bounded
candidate set and select a deterministic representative seed
from the elite region. Starting from this seed, the operational
schema instantiates a small family of K admissible twins by
applying controlled perturbations.

Operational variants are generated through small budget-
preserving paired perturbations of service capacity and buffer-
ing allocations. These moves are designed to keep the total
server budget (Nd

1+Nd
2 ) and the total buffer budget (Bd

1+Bd
2 )

constant whenever feasible, while still providing controlled
diversity around the seed. Any perturbation that would violate
admissible bounds is handled deterministically via a repair (or
null-move) rule, ensuring that all generated variants remain
admissible by construction.

G. Experimental Protocol

For clarity, we label as ADM the condition obtained by
direct sampling from the admissible schema, and as OPER
the condition obtained by instantiating the operational schema.
We compare:

• ADM: K twins sampled from DC ADM,
• OPER: K twins generated by perturbing the DC OPER

seed.

We use R independent replications per scenario and twin
(Table I). For each twin and scenario, indicators are computed
per replication. We then compute (i) per-twin averages (used
for point estimates) and (ii) per-twin intra-variability across
replications, before finally aggregating across the K twins.

H. Metrics

The following indicators are computed over the measure-
ment window [Tw, T ].

Tail latency (p99): We quantify tail behavior using the
99th percentile of the end-to-end response time distribution.
That is, RTp99 is the response-time threshold such that 99%
of completed requests have response time at most RTp99 (and
the slowest 1% exceed it). For each completed request, we
measure the end-to-end response time RT from arrival at the
Source to completion at the Sink, including all waiting and
service components across the two stages. Let {RTi}Ci=1 be
the response-time samples for completed requests in [Tw, T ],
where C is the number of completed requests in the same
window, sorted in non-decreasing order as RT(1) ≤ · · · ≤
RT(C). We use the nearest-rank definition:

RTp99 = RT(⌈0.99C⌉).

Drop rate: Let A be the number of arrivals at the Source
in [Tw, T ] and let D be the number of such arrivals that are
dropped (i.e., rejected by stage 1 under the admission/drop
rule). We define

DROP =
D

A
.

Operability summaries (intra-/inter-twin variability): Be-
yond point estimates, we report operability summaries derived
from the same primitive indicators RTp99 and DROP . For
each twin t under descriptor x, we compute replication-
average indicators RTp99(t;x) and DROP (t;x) by averaging
over the R independent replications. We then quantify intra-
twin variability as σintra

RT (t;x) and σintra
DROP(t;x), i.e., the stan-

dard deviation of the indicator across replications for the same
twin. To summarize intra-twin variability at the condition level,
we report σintra

RT (x) and σintra
DROP(x), obtained by averaging

σintra over the K generated twins. Finally, we quantify inter-
twin variability as σinter

RT (x) and σinter
DROP(x), i.e., the standard

deviation across the K twins of their replication-average indi-
cators. Intra-twin variability captures sensitivity to stochastic
noise, while inter-twin variability captures predictability across
admissible variants generated under the same descriptor, which
is desirable when twins are used for what-if evaluation rather
than as one-off offline optima.

I. Indicators and Selection Instantiation

In this case study we instantiate the Phase 4 indicator vector
with two primitive indicators:

g(t;x) =
(
RTp99(t;x), DROP (t;x)

)
.

Cost is instantiated from provisioned resources (server counts
and buffer sizes) through the monotone model in Eq. (2).
Specifically, we define a normalized resource cost as a
weighted sum of the per-stage average service capacity and
buffering:

Cost(t) = wN ·
Nd

1 +Nd
2

2 −Nd
min

Nd
max −Nd

min

+ wB ·
Bd

1+Bd
2

2 −Bd
min

Bd
max −Bd

min

, (2)

where lower values correspond to cheaper configurations. Cost
is used only for Pareto-set size control and deterministic tie-
breaking.

J. Results

All experiments were conducted using a SimPy-based
discrete-event simulator implementing the contract semantics
outlined in Section IV-B. The simulation parameters are de-
tailed in Table I.

The results, reported in Table II, show that instantiation
through the operational schema (OPER) consistently improves
both primitive indicators with respect to direct sampling from
the admissible schema (ADM). The average tail latency drops
from ADM’s RTp99 = 72.59 ms to OPER’s 53.15 ms
(about a 27% reduction), while the average admission loss
decreases sharply from DROP = 0.407 to 0.056 (about an
86% reduction). This indicates that offline-induced, descriptor-
conditioned rules do not merely preserve simulability, but
effectively bias single-pass generation toward configurations
that remain robust under the considered regimes.

Crucially, the operability summaries highlight a marked im-
provement in predictability. Under ADM, inter-twin variability
is extremely large (σinter

RT = 37.11 ms and σinter
DROP = 0.273),

meaning that admissible twins sampled in the same way can



TABLE I
CANONICAL SERVICE PATTERN PARAMETERS.

Parameter Value

Service means md
1 = 5 ms, md

2 = 10 ms
Admissible bounds Nd

k ∈ [1, 12], Bd
k ∈ [0, 50]

Reference capacity Nd
2,ref = 6

Horizon / warm-up T = 50,000 ms, Tw = 5,000 ms
Burst schedule P = 5,000 ms, W = 1,000 ms (d = W/P )
Burst factor F = 3
Load regimes ρ ∈ {0.75, 0.90}
Replications R = 30
Operational family size K = 20
Elite size cap E = 10
Offline budgets M = 50, V = 10 variants/seed, B ≤ 500 eval.
Cost weights wN = 0.8, wB = 0.2

TABLE II
CANONICAL SERVICE PATTERN RESULTS.

RTp99 (ms) DROP

Condition RTp99 σinter
RT σintra

RT DROP σinter
DROP σintra

DROP

ADM 72.59 37.11 1.49 0.407 0.273 0.0036
OPER 53.15 0.26 0.68 0.056 0.061 0.0020

exhibit widely different behavior—an undesirable property
when only a small family must be generated at run time. In
contrast, OPER collapses inter-twin dispersion (σinter

RT = 0.26
ms; σinter

DROP = 0.061), producing families that are consistent
across generated variants. Intra-twin variability across replica-
tions also decreases (σintra

RT from 1.49 to 0.68; σintra
DROP from

0.0036 to 0.0020), confirming reduced sensitivity to stochastic
noise.

In addition to tail latency and admission loss, we report
an outcome-oriented view through goodput, defined as the
effective throughput of successfully completed requests, i.e.,
throughput multiplied by (1 − DROP ). Fig. 3 shows the
distribution of goodput across the generated twin families,
stratified by workload descriptor. While ADM can occasion-
ally produce very high-goodput configurations, it also yields a
wide spread with many low-goodput twins, reflecting a higher
risk of poor selections when sampling from the admissible
space. In contrast, OPER concentrates the instantiated family
around consistently higher goodput levels across descriptors,
reducing the mass of low-goodput outcomes and providing
more reliable what-if evaluation when a small family of twins
must be generated in a single pass.

V. CASE STUDY II: EDGE-TO-CLOUD OFFLOADING
TARGET SCENARIO

Building on the canonical service-pattern baseline of Case
Study I, we now consider an edge-to-cloud offloading target
setting where resources are tighter and an explicit transfer
component introduces additional backpressure. This scenario
tests whether the same admissible-to-operational specialization
mechanism remains effective under cross-domain coupling.

As shown in Fig. 4, the service logic remains a two-stage
FIFO pipeline with admission at stage 1, but completed edge

Fig. 3. Canonical service pattern baseline: goodput distributions across twins
under each workload descriptor. ADM exhibits high dispersion, including
many low-goodput twins, while OPER shifts the distribution toward consis-
tently higher goodput values.
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Fig. 4. Edge-to-cloud offloading target scenario with explicit network transfer.

jobs must traverse a capacity-limited network stage before
entering the cloud stage.

Concretely, we insert a Network Transfer stage between the
two service stages:

Source → Edge Compute → Network Transfer
→ Cloud Stage → Sink.

The network stage adds a deterministic delay dnet and an in-
flight capacity Bnet (Table III). When the in-flight capacity
is saturated, stage-1 completions block before entering the
transfer stage, propagating congestion upstream. The contract
is identical to the baseline case, except for the network-transfer
rule above.

EDGE ADM uses the same structure as DC ADM, with
tighter edge-specific bounds on per-stage server counts and
buffers (Table III). We keep the same descriptor set x = (ρ, b),
the same steady vs. burst workload regimes, and the same
offline-induction and evaluation protocol used in Case Study I.
The medoid-based seed selection rule is applied unchanged
in this scenario. Only the reference capacity used for arrival-
rate calibration changes to Ce

ref = Ne
2,ref · (1/me

2), yielding
λe
base(ρ) = ρ ·Ce

ref . Indicators and operability summaries are
computed as in Section IV-H, with the only difference that
end-to-end response time additionally includes any blocking
before network admission and the deterministic transfer delay
dnet.

A. Results
The experiments were conducted using the same SimPy-

based discrete-event simulator used in Case Study I, extended



TABLE III
EDGE-TO-CLOUD TARGET SCENARIO PARAMETERS.

Parameter Value

Service means me
1 = 8 ms, me

2 = 12 ms
Network transfer dnet = 5 ms, Bnet = 20
Admissible bounds Ne

k ∈ [1, 6], Be
k ∈ [0, 30]

Reference capacity Ne
2,ref = 3

Horizon / burst / regimes T, Tw, P,W, F, ρ as in Table I
Replications / family size R,K as in Table I
Elite size cap / budgets / weights E,M, V,wN , wB as in Table I

TABLE IV
EDGE-TO-CLOUD TARGET SCENARIO RESULTS.

RTp99 (ms) DROP

Condition RTp99 σinter
RT σintra

RT DROP σinter
DROP σintra

DROP

ADM 83.91 21.44 2.34 0.476 0.224 0.0049
OPER 73.47 0.82 1.41 0.180 0.068 0.0048

with the network-transfer stage and implementing the contract
semantics described in Section IV-B. Table III reports the
edge-specific parameters.

Table IV reports point estimates and variability summaries.
In the edge-to-cloud setting, the explicit network-transfer
stage introduces additional backpressure and tighter resource
bounds. Despite this more constrained regime, Table IV shows
that OPER remains effective: RTp99 improves from 83.91
ms (ADM) to 73.47 ms (OPER), while DROP decreases
substantially from 0.476 to 0.180.

Importantly, OPER also reduces sensitivity across generated
variants, collapsing inter-twin dispersion from σinter

RT = 21.44
ms and σinter

DROP = 0.224 under ADM to 0.82 ms and 0.068,
respectively. This increased consistency is reflected in Fig. 5,
where OPER shifts the family toward higher goodput values
and mitigates the occurrence of low-performing twins under
tight edge and transfer constraints.

VI. DISCUSSION

The results support the main claim of this paper: in stochas-
tic edge-to-cloud service platforms, generating admissible DTs
is necessary but not sufficient for reliable evaluation. While ad-
missible schemas guarantee contract-compatible simulability
and reproducibility, direct sampling from SADM can still yield
highly dispersed outcomes across equally valid variants, which
is problematic when only a small family must be generated in
a single pass.

Across both case studies, instantiation through the opera-
tional schema SOPER improves the primitive indicators used
for offline selection, RTp99 and DROP , while increasing
predictability. In the canonical baseline, OPER reduces mean
tail latency (72.59 ms → 53.15 ms) and admission loss
(0.407 → 0.056). In the edge-to-cloud target scenario, where
a finite-capacity network transfer stage introduces additional
backpressure, OPER remains effective (83.91 ms → 73.47
ms; 0.476 → 0.180). This shows that descriptor-conditioned

Fig. 5. Edge-to-cloud target scenario: goodput distributions across twins under
each workload descriptor. ADM shows a wide spread with many low-goodput
configurations, whereas OPER concentrates the operational family on higher
goodput values, reducing the likelihood of poor selections under tight edge
and transfer constraints.

offline induction can bias single-pass generation toward robust
configurations without online optimization.

The main operational advantage is not only in point es-
timates but in consistency across the generated family. Un-
der ADM, inter-twin variability is large (e.g., 37.11 ms for
RTp99 and 0.273 for DROP in the baseline), implying
that admissible twins sampled under the same descriptor can
behave very differently. In contrast, OPER collapses inter-
twin dispersion (e.g., 0.26 ms and 0.061), yielding families
that are substantially more predictable across variants. This
behavior is consistent with the goodput distributions (Figs. 3
and 5), where ADM exhibits wide spreads and many low-
performing twins, whereas OPER concentrates outcomes on
higher goodput values, reducing the risk of poor instantiations
when only K variants are available.

Overall, operational schemas provide a lightweight gov-
ernance layer: they preserve admissibility and reproducibil-
ity by construction, while encoding deterministic descriptor-
conditioned rules that generate small families centered on
robust seeds. In this sense, intra-/inter-twin variability sum-
maries offer a compact assessment of stochastic sensitivity
and predictability across admissible variants.

Oracle cost-matched best-K admissible selection. For ref-
erence, we also evaluated an oracle-like baseline obtained
by selecting, for each descriptor, the best K twins from
SADM under a total cost budget matched to the corresponding
SOPER family (closest feasible match; target tolerance ≈ 5%).
Here, “best-K” denotes a Pareto-based oracle selection with
respect to the same two primitive indicators (RTp99, DROP ),
i.e., twins are chosen from the non-dominated admissible set
under the matched budget constraint. As expected, offline
selection yields only marginal improvements in tail latency but
substantially worsens admission loss. In the canonical service
pattern, mean RTp99 improves from 53.23 ms (OPER) to
52.85 ms (best-K, −0.71%), while mean DROP increases
from 0.056 to 0.2175 (+288.4%). In the edge-to-cloud target
setting, mean RTp99 improves from 73.47 ms to 72.64 ms



(−1.13%), while mean DROP increases from 0.1796 to
0.3553 (+97.8%). This confirms that ex-post oracle selection
within the admissible space may slightly reduce tail latency,
but can drastically worsen admission loss; in contrast, OPER
provides a more balanced and operationally stable trade-off in
a single pass, without per-descriptor oracle search.

VII. CONCLUSIONS

We introduced a constraint-driven methodology for in-
stantiating operational digital twins of edge-to-cloud ser-
vice platforms under an explicit twin simulation contract.
The approach relies on a principled separation between ad-
missible schemas, which guarantee simulability and repro-
ducibility through machine-checkable constraints, and opera-
tional schemas, which preserve admissibility while embedding
offline-induced, descriptor-conditioned instantiation rules for
single-pass generation.

Experimental results on a canonical service pattern base-
line and on an edge-to-cloud offloading target scenario with
explicit network backpressure show that operational schemas
improve both tail latency and admission behavior with respect
to direct admissible sampling. More importantly, they col-
lapse inter-twin variability, yielding small operational families
whose behavior is predictable across generated variants.

These findings confirm that contract-compatible validity is
necessary but not sufficient for trustworthy simulation-based
evaluation in stochastic edge-to-cloud infrastructures. Schema-
level operational specialization provides an effective gover-
nance mechanism to generate reproducible and descriptor-
aware twin families for operational what-if analysis. Future
work will explore the application of this methodology to more
complex service workflows and larger edge–cloud systems.
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APPENDIX A
TWIN SIMULATION CONTRACT ESSENTIALS

We summarize here the essential clauses of the twin
simulation contract C. The full specification is available at
https://github.com/SCAlabUnical/TWIN-OPS
• Stage semantics. Each service stage k consists of Nk

identical non-preemptive servers fed by a FIFO waiting
buffer of size Bk (waiting only), yielding total in-stage
capacity Nk +Bk.

• Admission and drop rule. Admission control is enforced
only at stage 1. After processing all same-time service
completions, an arrival is admitted if capacity is available;
otherwise it is dropped immediately.

• Blocking-after-service transfer. Downstream finite capacity
is handled via blocking-after-service on the 1 → 2 transfer:
after completing service at stage 1, a request enters stage 2

only if capacity is available; otherwise it blocks and retains
the stage-1 server until the transfer becomes feasible.

• Edge-to-cloud transfer extension. In Case Study II, a de-
terministic network-transfer stage is inserted between edge
and cloud processing. It introduces a fixed delay dnet
and an in-flight capacity Bnet. When Bnet is saturated,
completions block before entering transfer, propagating
backpressure upstream.

• Event ordering and determinism. The contract specifies a
deterministic event ordering and tie-breaking policy for
simultaneous events (e.g., completions processed before
arrivals), ensuring that all admissible twins are simulatable
and outcomes are comparable across generated variants.

• Reproducibility conventions. All simulation results follow
fixed replication seeding and deterministic execution con-
ventions documented in the reference implementation.
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