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ABSTRACT Accurate execution-time prediction for big data workloads in hybrid cloud environments
is essential for offloading decisions at submission time. However, prediction remains challenging due
to the nonlinear effects of network transport between on-premises clusters and public cloud resources,
particularly bandwidth constraints and interconnect propagation latency. Existing approaches are often not
suitable for submission-time offloading decisions: they either assume fixed infrastructure conditions without
explicitly modeling transport effects, or require target-side pilot executions before making predictions.
To address this problem, we present a transport-aware performance modeling framework for execution-time
prediction in network-constrained hybrid clouds. By decoupling network transport effects from application
logic and leveraging historical on-premises execution profiles, the framework enables execution-time
estimation without per-query pilot runs on the target environment. The framework combines a stage-level
analytical model whose components are derived from network transport principles (bandwidth-limited
throughput, RTT-bound storage latency, and TCP slow-start dynamics) with a dependency-aware critical-
path aggregation to derive end-to-end job runtime predictions. Its three structural coefficients are calibrated
using Non-Negative Least Squares (NNLS) to preserve physical interpretability. The framework is evaluated
using the TPC-DS benchmark on Apache Spark across eleven emulated hybrid network configurations,
covering 2-25 Gb/s bandwidth and 0.3-25 ms round-trip time. Across these heterogeneous network
conditions, the model achieves consistently high explanatory power, with R> > 0.95 at the stage level and
R? > 0.98 at the job level. The gains are most pronounced under jointly constrained bandwidth and latency
conditions. In the most severe configuration evaluated (2 Gb/s, 25.46 ms), the proposed framework reduces
the Mean Absolute Error (MAE) of execution-time predictions by 76.8% (from 28.20 s to 6.54 s), while
increasing job-level R? from 0.6625 to 0.9858 compared to a transport-agnostic baseline.

INDEX TERMS Big data, cloud bursting, hybrid cloud, network-constrained systems, performance
modeling, system identification, transport-aware modeling.

I. INTRODUCTION

Cloud computing adoption has increased in recent years,
offering elastic on-demand resources without upfront
hardware investment. However, many organizations still
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operate large on-premises data platforms, and migrating all
of their big data workloads to the public cloud is often
uneconomical [1]. The risk of relying on infrastructure
beyond organizational control remains a significant deterrent,
reinforced by recent large-scale public cloud outages
that caused global service disruptions [2], [3]. Existing
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investments in private infrastructure, combined with data
residency requirements, compliance, and integration of
legacy systems, keep a large portion of data processing still
on-premises [4], [S]. While these on-premises environments
efficiently handle steady workloads, they often struggle with
fluctuating resource demands, such as seasonal variations
or periodic processing peaks. For example, in large-scale
enterprise data platforms, workload arrival rates can be
highly bursty, with peak submission rates reaching up to
two orders of magnitude above the median load. Prior
empirical studies of production MapReduce clusters report
peak-to-median ratios as high as 260:1 [6]. Consequently,
organizations face a trade-off between over-provisioning
resources for rarely reached peaks and adopting flexible
hybrid architectures. This strategy, known as cloud bursting
or task offloading, allows enterprises to partially shift big
data workloads, typically handled by distributed processing
engines [7], [8], [9], [10] to the public cloud, while the
offloaded workloads access data that remains on-premises.
Although this approach provides substantial flexibility,
it introduces a critical performance bottleneck: limited
network bandwidth and increased latency between private
and public environments [11].

Performance modeling and prediction for distributed data
processing engines have been active areas of research for
decades. Existing studies have focused on modeling factors
such as CPU cores, data size, and system configuration [12],
[13], [14], [15], [16], [17], [18]. Unlike compute or memory
resources, which can be elastically scaled in the cloud,
the interconnect network remains comparatively inflexible
and is frequently the primary source of constraints [11].
A recent production-scale study further shows that, even
under optimized hybrid placement strategies, remote data
access during query execution remains substantial in prac-
tice [5]. Although that study focuses primarily on cost-aware
placement, it also highlights that network transport-related
effects remain practically relevant in large-scale hybrid ana-
lytics. As a result, accurately predicting the network’s impact
on job offloading is critical to hybrid cloud performance
modeling.

Current performance prediction models face a fundamental
trade-off that makes them unsuitable for cloud bursting
decisions at submission time. In this context, submission-
time offloading refers to making job placement decisions at
submission without requiring per-query pilot runs, remote
resource provisioning, or target-side performance measure-
ments. Machine learning (ML) prediction models achieve
high accuracy within the training distribution, but struggle to
extrapolate to unseen operational scales or hardware config-
urations [16]. Conversely, high-fidelity analytical models can
accurately estimate job execution time, but require per-query
pilot runs on the target infrastructure [13], [15]. Moreover,
existing models generally either ignore the network or
treat network constraints as static parameters, representing
network conditions as fixed inputs rather than modeling the
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dynamic transport-layer behavior that governs data transfer
performance.

To address these limitations, this paper investigates the
feasibility of accurate, submission-time execution prediction
for big data workloads in network-constrained hybrid cloud
systems. We propose a transport-aware performance mod-
eling framework that enables job execution-time prediction
at submission time for hybrid cloud bursting. Our approach
decouples network transport dynamics from application logic
by leveraging historical on-premises execution profiles, with-
out requiring per-query pilot runs on the target environment.
In this paper, we make the following contributions:

« Execution signature profiling methodology: We intro-
duce a technique to construct execution profiles from
historical on-premises logs. These signatures serve as a
robust baseline for projecting performance onto unseen
hybrid infrastructures.

« Transport-aware stage modeling: We propose an ana-
Iytical model operating at the granularity of execution
stages, which are distinct sets of homogeneous parallel
tasks separated by shuffle boundaries. By explicitly
incorporating transport characteristics (latency, slow-
start, congestion window saturation, and protocol over-
head) into these boundaries, we isolate and quantify the
impact of network constraints on data-intensive phases.

« Physically interpretable system identification: We
calibrate the three structural coefficients of the analytical
transport model using Non-Negative Least Squares
(NNLS), a form of constrained linear regression applied
to historical execution data. The non-negativity con-
straint enforces physical consistency and ensures that the
calibrated model remains interpretable.

« Resource-aware critical path aggregation: We
develop a closed-form aggregation model that bridges
stage-level performance estimates to end-to-end job
runtime. Our method accounts for parallel execution
branches and resource contention, without the compu-
tational overhead of discrete-event simulations.

The framework takes historical on-premises stage execu-
tion profiles and hybrid interconnect parameters (available
bandwidth and round-trip time) as inputs, and produces
predicted per-stage and job-level execution times for the
target hybrid cloud environment.

The framework is primarily targeted at recurring, read-
intensive workloads with stable execution patterns, evaluated
on Apache Spark [7] with HDFS-based [19] remote storage
over emulated hybrid interconnects. Generalization to storage
backends with distinct request and metadata models, such as
cloud-native object stores [20], [21], or to highly dynamic,
streaming, and ad hoc workloads is outside the current
scope. Unlike workload forecasting, which predicts job
arrival patterns, our framework estimates execution time for
a specific submission from historical on-premises profiles
and measured network parameters. Historical executions of
recurring templates serve as independent observations in a
regression setting.
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To support reproducibility and further research, we intend
to publicly release the benchmark dataset and the ref-
erence implementation of the proposed transport-aware
framework [22].

The remainder of this paper is organized as follows.
Section II reviews related work in hybrid cloud architecture
and performance modeling. Section III introduces our
transport-aware model and the underlying equations that
characterize interconnect bottlenecks. Section IV describes
the modeling framework, detailing the decoupled profiling
architecture and the system identification methodology
required for stage-level prediction. Section V describes our
experimental setup that emulates realistic network constraints
and a data-collection pipeline to obtain on-premises profiles.
Section VI quantifies the empirical impact of remote data
access on workload performance across diverse network
regimes. Section VII rigorously evaluates the model’s
predictive accuracy and out-of-distribution generalization.
Section VIII discusses broader implications and practical
considerations. Finally, Section IX summarizes our findings
and outlines future directions.

Il. RELATED WORK

In this section, we examine the literature on hybrid cloud
architectures, job offloading strategies, and performance
modeling frameworks.

A. HYBRID CLOUD ARCHITECTURES AND CLOUD
BURSTING

The existing literature can be systematically classified
according to the degree of coupling between on-premises
and cloud resources, distinguishing between architectures
that form a unified logical cluster and those that maintain
separate logical clusters. In the unified logical cluster
architecture [23], [24], [25], [26], the components of the
cluster span multiple sites over the Wide Area Network
(WAN), forcing intermediate data (e.g., shuffle traffic) to
traverse the interconnect. In the separate logical cluster
approach [5], [27], workloads are routed or placed such
that execution remains local to a specific site, with the
interconnect primarily used for input/output data transfer.

In the first model, the hybrid cloud is treated as a unified
pool of resources, where private- and public-cloud nodes
form a monolithic cluster. While this simplifies cluster man-
agement, it exposes the framework’s internal communication
mechanisms to the WAN links. Empirical evaluations con-
sistently highlight inter-site communication as the primary
performance barrier in this architecture. This performance
pattern was already observed by Roman et al. [28], who
showed that, unlike in single-site deployments, where CPU
is often the dominant constraint, network effects become
the main limitation in hybrid Spark deployments, particu-
larly during shuffle. Similar conclusions were reported by
Ullah et al. [25] in hybrid OpenStack [29] and Azure [30]
environments. Their results confirmed that execution time
increases proportionally with the number of nodes borrowed
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from the public cloud. They attributed this behavior to the
substantial disparity between bandwidth available within
the cloud environment and bandwidth available across the
inter-cloud link. Rajput et al. [26] adopt the unified logical
cluster model and address interconnect limitations using
heuristic strategies that treat inter-cloud bandwidth as a scarce
resource, thereby optimizing task placement to minimize the
volume of intermediate data traversing the WAN. However,
these studies do not explicitly model the impact of network
constraints on execution time.

Verma et al. [31] study performance variability caused
by hardware heterogeneity within single-cluster Hadoop
deployments. They propose an adaptive node-oriented data
placement strategy that mitigates straggler effects by improv-
ing data locality using historical execution logs. However, this
approach assumes a co-located execution environment, and it
does not consider hybrid cloud or cloud bursting scenarios,
where data and compute are decoupled and execution time is
dominated by network transport.

In contrast to monolithic cluster approaches, recent
studies focus on separate logical clusters and job-placement-
centric designs that treat on-premises and cloud sites as
distinct execution environments. Moirai [5], based on Uber’s
multi-petabyte Presto and Spark deployments, represents
the current state of the art in hybrid-cloud job and data
placement. Moirai addresses key challenges in data egress,
replication costs, and limited cross-site bandwidth using a
Mixed-Integer Programming (MIP) optimization technique.
By jointly optimizing job placement and data replication at
both query and table granularity, it decides how to partition
data, which tables to replicate, and where to route jobs
to minimize overall costs. Moirai reduced the costs by
an order of magnitude compared to prior methods such
as Alibaba’s Yugong [27]. However, Moirai’s evaluation
highlights the persistent challenges of hybrid analytics: even
after optimization, their production-scale workloads still
generate 421-751 TB of cross-site traffic per week. More
than 95% of this traffic originates from remote data access
during query execution, and the remaining 5% is attributed
to data replication. Mendes and Almeida [32] propose a
cost-driven entity migration recommender for hybrid data
lakes that jointly optimizes storage, compute, and egress
costs to determine the most cost-effective placement for data
entities. While this work highlights the financial importance
of data localization decisions in hybrid environments, it does
not address submission-time execution-time prediction under
explicit network transport constraints.

These findings show that while cost-centric frameworks
significantly reduce data movement, cross-site processing
remains unavoidable in real-world deployments. Remote
data access remains an inherent characteristic of large-scale
hybrid analytics. This highlights the critical need for
our research, which complements Moirai’s and Yugong’s
cost-optimization efforts by focusing on the performance
dimension of remote data access. Specifically, we focus on
the modeling and prediction of execution-time degradation
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attributable to the network interconnect in scenarios where
offloaded workloads perform remote data access over
bandwidth- or latency-constrained hybrid communication
links.

B. TRANSPORT-AGNOSTIC PREDICTION MODELS

A substantial body of prior research has investigated the
prediction of execution time for Apache Spark and other
big data workloads. Existing approaches can be broadly
classified into two main categories: analytical models and
machine learning-based models.

Analytical models formalize system behavior through
mathematical expressions, enabling efficient evaluation using
numerical methods [13]. PERIDOT [15] derives performance
predictions by inferring job-specific model parameters from
two reference executions of differing scales and subsequently
constructing an application execution model based on these
parameters. This framework relies on the assumption that
the application’s Directed Acyclic Graph (DAG) dependency
structure remains consistent regardless of input data size or
core count changes. More recent analytical work proposes
a scalable Stochastic Activity Network (SAN) formulation
that models interference across multiple concurrent YARN
queues [34]. Tariq and Das extend deterministic modeling
by flattening Spark’s multi-job DAG into a monolithic graph
and applying a graph-traversal execution algorithm [17].
These studies show that analytical approaches can provide
accurate and interpretable predictions, but they typically rely
on reference executions or micro benchmarks and do not
explicitly address hybrid transport effects.

In machine learning-based models, researchers employ
regression algorithms or neural networks to predict appli-
cation performance using historical or experimental data.
These approaches are commonly categorized as closed-box
or gray-box models. The distinction between these models
lies in the degree to which internal system knowledge or
application details are incorporated into the model’s features.
Closed-box models rely on features available a priori (before
execution starts), such as input data size and the number of
executor cores. Gray-box models incorporate a richer set of
features available a posteriori, capturing details of application
execution, system internals, or resource allocation strategies.
Ernest [12] defines a parametric structure based on known
distributed computing behavior and relies on data-driven
techniques to populate it, using NNLS regression to learn
the coefficients of predefined features. Ahmed et al. [16]
compare Kernel Ridge Regression and Gradient Boosting
with analytical models and find that ML models achieve
higher predictive accuracy within the training range, while
analytical models perform substantially better for extrap-
olation beyond the training data. Gray-box approaches
demonstrate improved prediction accuracy by incorporating
Spark’s stage-level metrics and resource allocation [14], [37].
Cheng et al. [33] address the challenge of Spark configu-
ration optimization by proposing a performance prediction
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framework based on AdaBoost. Their approach constructs
stage-level performance models to estimate application
runtime under different Spark configurations. Shen et al. [35]
propose a deep learning-based framework for Spark perfor-
mance prediction that combines attention and convolutional
components to capture dependencies among configuration
parameters, input data characteristics, and workload features.
A recent study introduces a prediction framework that
evaluates seven regression models to estimate job execution
time [18]. Although Gradient Boosting achieves the highest
accuracy in their evaluation setup, the framework remains
fundamentally compute-centric and limited to a single-
cluster environment, without accounting for network-link
characteristics.

Garralda-Barrio et al. [36] propose an adaptive incre-
mental transfer learning framework for predicting workload
execution times. Their approach integrates supervised and
unsupervised learning to incrementally adapt performance
models to new workloads and configuration settings. This
approach primarily focuses on performance tuning for
previously unseen workloads using a reference workload
descriptor derived from an initial pilot execution. Their
framework remains inherently tied to the training envi-
ronment’s infrastructure and lacks the transport-awareness
required for generalization across hybrid cloud networks.

Across these works, two fundamental limitations remain.
First, most existing prediction techniques require on-cluster
execution or profiling to extract execution statistics or to
run micro-benchmarks. Second, while prior models may
account for bandwidth as a configuration parameter, they
generally abstract the network as a static resource and
do not explicitly model dynamic transport-layer effects.
Consequently, their ability to extrapolate execution time
across heterogeneous network environments, such as hybrid
clouds, remains limited. This gap motivates the present work.
We propose a transport-aware performance framework that
generalizes execution-time degradation based on physical
network parameters, eliminates the need for per-query remote
execution, and leverages execution profiles collected from
on-premises environments.

C. THEORY-GUIDED MODELS

The integration of domain knowledge into data-driven models
has been formalized as Physics-Informed Neural Networks
(PINNSs), a term popularized by Raissi et al. [38] to embed
physical laws into neural networks. This theory-guided
approach has since expanded beyond neural networks and is
referred to as Physics-Informed Machine Learning (PIML).
In a comprehensive survey of the field, Karniadakis et al. [39]
categorize these strategies into observational, learning, and
inductive biases. The observational bias involves augmenting
training data with synthetic samples derived from physical
simulations. Learning bias modifies loss functions to penal-
ize physically inconsistent predictions. Finally, inductive
bias constrains the model architecture or feature space to
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TABLE 1. Chronological summary and comparative analysis of performance prediction literature.

Paper (Year) Methodology Generalization Training Needs / Benchmark Transport
Scope Input Source Awareness
Venkataraman et al.  Closed-box ML Different dataset Small data samples MLIib algorithms, Mentioned, not
(2016) [12] (NNLS) and cluster sizes using optimal GenBase and modeled
experiment design Speech pipeline
Mustafa et al. Gray-box ML Different dataset, Offline training TPC-H, HIGGS No
(2018) [14] (LSBoost, NNLS, and cluster sizes on feature vectors dataset (MLIib)
and MARS) extracted from
query stages
Shah et al. Analytical Different dataset, Two small reference  TPC-DS, text No
(2019) [15] and cluster sizes executions per analytics, and ML
query workloads
Cheng et al. Gray-box ML Configurations (up Collected samples HiBench (six Spark Mentioned, not
(2021) [33] (AdaBoost) to 180+ parameters)  via projective benchmarks) modeled
and different input sampling to reduce
data sizes overhead
Karimian-Aliabadi Analytical (SAN Multi-queue / Reference TPC-DS No
et al. (2023) [34] + Fixed-Point multi-user realistic executions on a
Iteration) scheduling, small cluster
partitioned cluster
capacity
Shen et al. Deep Learning Data scale, system Historical logs HiBench No
(2023) [35] (MHAC - CNN + parameters, and
Attention) multi-task learning
across applications
Tariq and Das Analytical, Graph- Arbitrary input Two small reference ~ TPC-DS (Query-64) No
(2023) [17] based Model data sizes for fixed executions per
executor counts query
Faroogq et al. ML (LR, DT, RF, Different configura-  Offline training WordCount and No
(2025) [18] XGB, SVR, MLP, tion within the same  on feature vectors Average Word
and KNN) cluster extracted from job Length
configuration and
data size
Garralda-Barrio et Transfer Learning Unseen workloads Incremental, lazy HiBench No
al. (2025) [36] (NNLS) and evolving cluster  learning from
configurations historical executions
This work Mechanistic System  Dynamic cross- Transport parame- TPC-DS Yes

Identification
(Analytical +
NNLS)

cluster network
environments

ters and historical
logs

Abbreviations: CNN = Convolutional Neural Network; DT = Decision Tree; GBRT = Gradient Boosted Regression Trees; KNN = k-Nearest Neighbors;
LR = Linear Regression; LSBoost = Least-Squares Boosting; MARS = Multivariate Adaptive Regression Splines; MHAC = Multi-Head Attention
Convolutional Network; MLP = Multilayer Perceptron; NNLS = Non-Negative Least Squares; RF = Random Forest; SAN = Stochastic Activity Network;
SVR = Support Vector Regression; TPC = Transaction Processing Performance Council; XGB = Extreme Gradient Boosting.

strictly adhere to known physical laws. A recent review
by Luo et al. [40] broadens this definition, highlighting that
inductive biases can be effectively implemented through
analytical feature augmentation.

While learning bias remains prevalent in continuous
physical domains such as fluid dynamics, PINNs typically
use automatic differentiation to guide training, ensuring that
the learned model adheres to physical laws [41]. In this
approach, physical consistency is a soft constraint on the
learner rather than being resolved analytically. However, for
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discrete computer systems, we argue that PIML is particu-
larly valuable for system identification, not just for direct
prediction. Consequently, our work follows a strict inductive
bias strategy. The framework applies this strategy in two
ways. First, the feature space is constructed from analytically
derived, physically grounded transport terms that approxi-
mate key network-side mechanisms. Second, the structural
coefficients are estimated using NNLS. This restricts the
hypothesis space to physically valid, non-negative regions,
ensuring that the model remains interpretable. In this way,
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the framework combines theory-guided feature construction
with constrained system identification.

The following section translates these theoretical princi-
ples into the analytical approximations that form the core of
our performance modeling framework.

IIl. PROPOSED PERFORMANCE MODEL

This section details our transport-aware performance model.
We begin by defining the operational boundaries and
fundamental assumptions required to isolate the network
interconnect as the primary independent variable influencing
workload performance. Following this, we introduce the
motivation for the stage-level abstraction and the task-
wave concept, which serve as the structural foundations
for our analytical components. We then derive mechanistic
formulations for three additive components of stage execution
time: bandwidth-limited data transfer, storage access latency,
and dynamic TCP ramp-up effects. Finally, we describe
the system identification methodology used to calibrate
the model’s coefficients, as well as the resource-aware
aggregation model that integrates stage-level estimates into
end-to-end job execution time prediction. The three scalar
coefficients of these analytically derived components are
calibrated via NNLS regression, as described in Section IV-C.
The model structure is grounded in transport theory, and
data is used solely to calibrate these three scalar coefficients.
For clarity and ease of reference, Table 2 summarizes the
principal symbols used throughout this section.

A. ASSUMPTIONS AND SCOPE

The primary objective of our transport-aware model is to
enable fast, submission-time decision-making regarding job
offloading. Existing performance models, as summarized in
Table 1, are not designed to support this process because
they either assume a homogeneous network environment or
require target-side profiling. Such requirements make them
unsuitable for scenarios in which the feasibility of cloud
bursting must be determined a priori, before remote resources
are provisioned or expenses incurred. Our model overcomes
these limitations by eliminating the need for per-query
target-side execution. Instead, it leverages existing local
execution profiles and explicitly models the application’s net-
work interactions to predict cross-environment performance
degradation.

Targeting the 56-68% of production workloads reported
as repetitive [5], [42], [43], our model is designed to support
offloading decisions for these stable, periodic pipelines,
whereas ad hoc queries or new jobs without prior telemetry
are explicitly out of scope. Prior work indicates that query
planners and cost-based optimizers in big data processing
engines are typically unaware of network characteristics [44],
[45]. Consistent with this observation, we find that network
parameters are not explicitly considered during logical and
physical plan generation in our evaluation. Accordingly, the
overall logical structure of execution plans remains largely
preserved across on-premises and hybrid deployments. This

92836

consistency enables the reuse of historical on-premises
execution signatures as baseline inputs to model the perfor-
mance impact of offloading workloads to the public cloud.
Historical executions of a recurring template are independent
observations, with network parameters as measured inputs
rather than forecasted quantities.

Adaptive Query Execution (AQE) was enabled in
all experiments, reflecting modern production deploy-
ments of Spark-based engines [46]. AQE optimizations
(e.g., join re-selection and skew handling) are primarily
driven by data-local runtime statistics. In our evaluation,
we observed occasional plan variations across network
regimes (e.g., minor differences in stage decomposition
for some queries). However, these variations were limited
in scope and did not materially affect prediction accu-
racy, and the proposed transport-aware model maintained
high accuracy across all evaluated bandwidth-latency
regimes.

We focus on read-intensive workloads in which data flows
from on-premises storage to cloud-based compute, primarily
incurring ingress rather than egress traffic. Expensive cloud
egress fees can exceed compute costs for data-intensive
workloads [5], [47], making ingress-dominant offloading
more economically viable than workflows with substantial
return traffic.

Throughout this work, HDFS [19] serves as the remote
storage backend. Cloud-native object stores such as Amazon
S3 [20] and Azure Data Lake Storage [21] differ from
HDFS in their request and metadata access patterns: each
partition access involves independent HTTPS requests, and
clients typically employ persistent connection pools rather
than per-task dedicated streams [48]. These characteristics
affect both the storage-access latency model and the TCP con-
nection mapping assumption, and extending the framework
to object store backends remains outside the current scope.
We further assume a one-to-one correspondence between
active Spark tasks and TCP connections, where each task
establishes a dedicated flow to the remote storage endpoint
(Section III-D). This approximation holds for the HDFS
single-stream block reads evaluated in this work and may
weaken in configurations that employ connection pooling or
storage-client connection reuse, in which case the effective
number of independent TCP flows falls below the active task
count.

To isolate the network bottleneck, we treat compute
resources as a control variable, provisioning public cloud
infrastructure that matches on-premises hardware specifi-
cations for CPU architecture, memory capacity, and total
executor core count. Furthermore, we assume that the work-
load configuration remains unchanged and that concurrency,
determined by the number of allocated executors and the
number of cores specified at job submission, is constant.
This approximates the steady-state behavior of a well-tuned
dynamic application while eliminating the initialization
latency of container acquisition. By keeping these compute
and configuration parameters constant, we isolate the hybrid
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TABLE 2. Summary of symbols used in the transport-aware performance model.

Symbol Description Unit
Thybrid(Si) Predicted execution time of stage .S; in a hybrid environment S
Thase (S7) Observed on-premises baseline execution time of stage S; S
TbW(Si) Predicted duration component limited by steady-state bandwidth S
Titorage (i) Predicted overhead component due to remote storage access latency S
Taynamic (S3) Predicted overhead component due to TCP slow-start dynamics S
Tiroup(G) Predicted execution time of execution group G, $
Tion(T) Predicted total execution time of job J S
Nuasks (S3) Number of tasks in stage S; _

executors Number of executors available to the application
Neores Number of cores per executor -
Nuaves(S3) Number of sequential task execution waves in stage S; -
Niciive (S4) Active parallelism (concurrent tasks / TCP flows) -
Npartitions (53 ) Number of input partitions processed by stage .S; _
0(S:) Partition density (average input splits processed per task) -
Blink Physical bandwidth capacity of the hybrid interconnect bytes/s
Biiow Steady-state throughput upper bound for a single TCP flow bytes/s
Bt (S;) Effective aggregate bandwidth available to stage .S; bytes/s
buase (55) Baseline average data demand rate of stage .S; bytes/s
Riargei (S3) Target per-flow throughput required to saturate available bandwidth bytes/s
Winax Maximum receiver-advertised or congestion window size bytes
Winit Initial TCP congestion window size bytes
Wiarget (S4) Congestion window size required to sustain Riarget bytes
RTT Round-trip time of the hybrid interconnect S
v(S;) TCP slow-start ramp-up time (analytical lower bound) S
Bow Learned scaling coefficient capturing protocol and system-level inefficiencies -

storage earned coefficient capturing structural and metadata access latenc -
Bistorag L d coeffici pturing 1 and d 1 y

dynamic earned coefficient capturing transient transport and congestion overheads -
By L d coeffici pturing i p d congesti head!
J Job dependency graph -
Si i-th stage in job J -
Gk Execution group of dependency-equivalent stages -

network interconnect parameters as the primary independent
variables influencing performance in our experimental setup.

B. WORKLOAD MODELING ABSTRACTION

Modern data-parallel processing engines, including Apache
Spark and Hive on Tez, rely on a common Directed
Acyclic Graph (DAG) abstraction to represent execution
dependencies. As demonstrated by Karimian-Aliabadi et al.
[13], these systems share equivalent structural semantics
and resource-filling scheduling behaviors, suggesting that
performance models derived from one framework are broadly
applicable to the class of DAG-based engines. We select
Apache Spark as the reference platform for validating our
model because of its widespread industrial adoption and
fine-grained execution metrics at the job, stage, and task
levels, which enable rigorous empirical analysis.

Apache Spark [7] operates as a distributed, in-memory
computing framework. Execution is coordinated by a Driver
program, which interfaces with a resource manager to
launch persistent Java Virtual Machine (JVM) processes
called executors. Executors are deployed on worker nodes.
The fundamental unit of data abstraction is the Resilient
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Distributed Dataset (RDD), an immutable collection of
objects partitioned across the cluster. The Driver compiles
the execution logic into a DAG of stages. These stages
are delineated by shuffle dependencies, which require
data redistribution before subsequent dependent stages can
consume the data.

At the granular level, each stage is decomposed into a
set of independent tasks, each executing the same operation
on different data partitions. Task scheduling follows a
resource-filling paradigm constrained by the number of
available executor cores. As the number of tasks in a stage
typically exceeds the cluster’s concurrency limit, the runtime
processes tasks in sequential batches, a pattern formally
defined as task waves by Shah et al. [15].

For our analytical model, we abstract this behavior by
discretizing stage execution into a sequence of waves. The
total number of waves, Nyaves(S;), for stage S; is determined
by the ratio of tasks to the total available concurrency slots,
formally:

Nyaves(Si) = [ M“

N, executors * N cores
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By applying the ceiling function, (1) provides a unified
formulation for both regimes: it correctly captures saturated
scenarios of multi-wave execution, and non-saturated scenar-
ios where the task count is less than the available maximum
capacity (Neasks(Si) < Nexecutors - Neores)-

Modeling performance at this granularity provides several
advantages. It aligns naturally with the physical execution
model, since each stage corresponds to a well-defined unit
in the data-flow graph. This abstraction also isolates the
network-dependent portion of execution: shuffle exchanges
occur within the same network domain, while data reads
from storage cross the inter-site interconnect between envi-
ronments. From a practical standpoint, stage-level modeling
yields a compact and interpretable dataset. Prior studies have
shown that stage-level abstractions achieve high predictive
accuracy and robustness across workloads [14], [15], [17],
supporting our choice of stage-level granularity for perfor-
mance modeling in distributed systems.

C. STAGE PREDICTION OVERVIEW

Our framework operates at the granularity of execution
stages, which are distinct sets of homogeneous parallel tasks
separated by shuffle boundaries. This abstraction defines
a clear boundary: certain stages require transferring data
remotely, whereas others read data exclusively within the
local cluster. At the core of our stage-level predictor is a
transport-aware analytical component informed by estab-
lished network transport principles. Rather than modeling the
full protocol stack explicitly, the model captures key transport
effects, including bandwidth saturation, latency, and TCP
slow-start behavior, through simplified analytical approxima-
tions. This abstraction provides a principled foundation for
extrapolating performance across previously unseen network
environments:

fhybrid(Si ) = Tow(Si) + Tstorage(si) + Tdynamic(Si) 2

Thybrid(S,') denotes the predicted execution time of the
i-th execution stage, S;, within a hybrid cloud environ-
ment. The total duration is decomposed into three additive
components that capture distinct sources of execution cost.
Tow(S;) represents the bandwidth-limited data transfer time,
derived by scaling the baseline on-premises execution
profile according to the effective throughput of the hybrid
interconnect. Tyorage(S;) captures the storage access over-
heads incurred during remote I/O, including request latency,
connection establishment and authentication overheads, and
protocol-level processing costs that are paid independently
of the transferred data volume. The Tgynamic(S;) models
the transient transport overhead introduced by TCP slow-
start behavior. In the following subsections, we derive
the formulations for each component, beginning with the
steady-state bandwidth constraints.

D. BANDWIDTH-LIMITED EXECUTION MODEL
In the absence of packet loss, TCP flow throughput By iS
governed by the congestion window size, which grows until
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it reaches the receiver’s advertised window or the sender’s
congestion window limit Wpy,x. Under these steady-state
conditions, the theoretical upper bound on flow throughput
is given by [49]:

3

where RTT denotes the round-trip time, dominated in this
ideal state by the path’s fixed propagation delay.

When a Spark stage executes in the cloud and reads
data from on-premises sources, the aggregated throughput is
constrained by two physical limits: the total capacity of the
interconnect (Biink) and the sum of concurrent TCP flows’
throughput. We assume a one-to-one mapping between Spark
tasks and TCP connections, where each active task establishes
a distinct TCP flow to the remote data store. Therefore, the
number of active flows (Nqctive) corresponds to the degree of
active parallelism, bounded by either the task count or the
maximum capacity:

Nactive(S;) = min (Nyasks(Si), Nexecutors * Neores) 4

Consequently, the effective available bandwidth (Beg) is
defined as the minimum of the physical link capacity and the
aggregate window-limited throughput:

Bet(S;) = min (Biink, Nactive(Si) - Bfiow) (5)

The usable bandwidth is governed by whichever constraint is
reached first: the physical capacity of the hybrid link, or the
aggregate window-limited capacity that the concurrent TCP
flows can collectively sustain. For example, with Wy, =
4 MB and RTT = 25 ms, each flow sustains at most
Bfiow = 160 MB/s (1.28 Gb/s). Four concurrent flows yield
an aggregate window-limited capacity of 5.12 Gb/s. On a
2 Gb/s hybrid link, the link saturates first and Befs = 2 Gb/s;
on a 25 Gb/s link, the same four flows cannot fill the pipe and
Befr = 5.12 Gb/s.

To quantify the performance impact without relying on
CPU profiling, we adopt a bandwidth-dominant approxima-
tion. We treat the stage baseline average data demand rate
bpase(Si), measured as the total volume processed divided
by the baseline duration of the same stage Tpase(S;). If the
effective hybrid bandwidth (Begr) falls below the baseline
bandwidth (bp,se), the stage is treated as strictly I/O-bound.
In this regime, the bandwidth-limited execution time (Thw)
is modeled by scaling the baseline execution time by the
corresponding bandwidth bottleneck ratio:

bbase(Si)

TbW(Sl) ,Bbw dese(Sl) max (17 Beff(Si) ) (6)
This component enables the framework to adjust the
on-premises baseline for the physical throughput limits
of the hybrid link. With this, the Ty, captures the
intuitive inverse relationship between effective throughput
and execution time: as the link capacity decreases, data
transfer time increases proportionally to the ratio byase/Beft.
We also introduce the coefficient By, to account for
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protocol- and system-level inefficiencies and implemen-
tation overheads, which we will determine using system
identification explained in Section IV-C. The max (1, ---)
operator enforces a physical lower bound on execution time.
It ensures that the predicted duration does not fall below
the empirically observed baseline if the effective hybrid
interconnect bandwidth Beg exceeds the throughput required
by the stage.

E. STORAGE ACCESS LATENCY
In distributed file systems such as HDFS, Amazon S3,
and Azure Data Lake Storage, reading a dataset requires
distinct Remote Procedure Calls (RPCs) or HTTPS requests
to resolve file paths, retrieve block locations, and open
input streams. Unlike data transfer, connection establishment
and metadata operations are latency-bound rather than
bandwidth-bound. In an architecture with disaggregated stor-
age and compute, every file or block access incurs multiple
round-trip penalties. The number of penalties depends on
multiple factors, such as underlying storage implementation
and security configuration.

We model this overhead as a function of the partition
density (p), defined as the average number of input splits
processed per task:

Ntasks(Si)

Assuming the task processes its assigned partitions sequen-
tially, each partition access incurs a latency penalty of
several RTTs for connection establishment, authentication,
and application-level handshakes. Within a single wave, the
critical-path cost equals p sequential access penalties; across
Nwaves batches, the total storage-access overhead (Ttorage) is:

p(Si) = )

Tstorage(si) = ﬁstorage : Nwaves(si) . p(Si) -RTT (8)

The coefficient Bgorage quantifies the structural latency
incurred per logical partition access. The coefficient repre-
sents the aggregate latency introduced across the communi-
cation stack. This encompasses the baseline overhead of the
standard TCP three-way handshake, as well as the additional
round-trip times required to establish authenticated sessions.
The latter depends on the specific protocol version, and can
be approximated as ~ 2 RTTs for HDFS SASL/Kerberos,
2 RTTs for TLS 1.2, and 1 RTT for TLS 1.3. It also
encapsulates application-layer access patterns in which the
initialization sequence is often executed multiple times per
partition. In columnar formats, the file footer serves as the
mandatory entry point, containing zone maps with min-
max statistics; the engine must perform initial round-trips
to retrieve this metadata for selection pruning [50]. If the
query predicate is satisfied, then the subsequent requests
are sent to fetch the actual data body. This requires several
discrete round-trips to storage through the high-latency
interconnect. We acknowledge that PBgorage represents a
statistical expectation rather than a deterministic constant
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for every individual data access. While reading the footer is
mandatory, reading the data body is conditional.

F. DYNAMIC RAMP-UP EFFECTS

The component described in the previous section accounts for
the storage interaction costs, and the steady-state bandwidth
model introduced in Section III-D captures transfer time
at the link’s sustainable rate. They do not account for
the transient ramp-up cost required to reach that rate.
As the round-trip time increases, the amount of in-flight
data required to fully utilize the link grows linearly, and
is governed by the bandwidth-delay product. In practice,
TCP employs a slow-start mechanism to probe available
network capacity. It initializes with a conservative congestion
window (Wijyir) and increases it based on congestion control
algorithms as acknowledgments are received [51].

We model this transient behavior as an additive ramp-up
overhead incurred for each storage access. First, we deter-
mine the target congestion window size (Wiarget) required to
sustain the effective per-flow throughput. The target flow rate
(Rrarget) is given by:

Dpase(Si) ~ Biink
Nactive(Si) ’ Nactive(S;) ’
and the corresponding target window is:

Wtarget(Si) = Rtarget(Si) -RTT (10)

Rtarget(Si) = min ( Bﬂow) 9

Assuming ideal exponential growth of the congestion win-
dow, the slow-start ramp-up time required to reach the target
window Wigrget is:

(S = max(O, RTT - 1og2(m;rvg+°‘($"))) (11)

init

The max (0, -) operator ensures that the ramp-up penalty
remains non-negative. When Wigger < Wini, the initial
window already meets the bandwidth-delay product require-
ment, and no additional slow-start ramp-up time is incurred.
To estimate the total slow-start overhead, we scale the
theoretical ramp-up time by the execution topology and the
learnable Baynamic coefficient:

Taynamic(Si) = Bdynamic - Nwaves(S7) - 0(S;) - v(S;) (12)

This term captures the transient cost of reaching target
throughput on each new connection. The ramp-up time v is
incurred per partition access per wave, so stages with frequent
connection establishment over high-RTT paths accumulate
the largest penalty. While the ideal exponential growth
assumption establishes a theoretical lower bound, real-
world latency is dominated by protocol safeguards. Modern
implementations, such as TCP CUBIC, utilize Hybrid Slow-
Start (HyStart) to prevent buffer overflows, often terminating
the ramp-up phase prematurely [52]. Although analytical
models can describe these dynamics explicitly [49], [53],
[541], they rely on network-layer metrics such as instantaneous
packet loss probability and retransmission timeouts. These
low-level parameters and metrics are opaque to the big data
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application-level logs. Consequently, rather than simulating
these unobservable packet-level events, we encapsulate
the aggregate transport inefficiencies, including premature
slow-start exit, congestion avoidance, and retransmission
overhead, into the learnable coefficient Baynamic-

G. JOB-LEVEL AGGREGATION MODEL

To predict the total job execution time fjob, we aggregate
the individual stage predictions f"hybrid(Si) by modeling
the job’s dependency graph. While earlier approaches
approximated job duration as the cumulative sum of all
stages, Mustafa et al. [14] correctly note that this ignores
stage parallelism, yielding a loose upper bound rather than
a realistic runtime estimate. Although detailed execution
modeling can be achieved through discrete-event simula-
tion [13], our objective is instead to reduce the systematic
bias introduced by cumulative summation while preserving
the low computational overhead required for submission-time
prediction.

Big data processing engines execute stages concurrently
when data dependencies allow and sufficient compute
resources are available [7], [9]. To capture this behavior,
we decompose the job graph 7 into a sequence of execution
groups {G1, G2, ..., Gy}, where each group represents a set
of stages that can be scheduled concurrently. Formally, each
group Gy is a subset of stages that share the same dependency
level in the directed acyclic graph and therefore have no
mutual dependencies.

The predicted duration of each group is determined to
distinguish between three execution scenarios. First, for a
group G = {S;} that contains a single stage, the duration
of the group is simply the predicted duration of the stage:

Taroup(Gr) = Thybria(S) (13)

Second, when a group Gy contains multiple independent
stages, and the cluster has sufficient executor cores to
schedule them simultaneously, the group execution time is
determined by the critical path, which is the longest-running
stage in the set:

Taroup(Gr) = max {Thybria ()} (14)
i k

Third, when the aggregate core requirement of the stages
in Gy exceeds the total available executor slots, resource
contention forces the scheduler to queue stages. In this
saturation regime, we approximate the group duration as the
sum of its constituent stages:

fgroup(Gk) = z fhybrid(Si) (15)
SieGy

We acknowledge that this discrete grouping is a con-
servative approximation of the scheduler’s behavior. While
stage dependencies impose strict ordering constraints across
groups, the execution engine does not enforce an additional
artificial barrier beyond those dependencies. In practice, tasks
from downstream stages may begin execution as soon as
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their input partitions become available and resources are
freed, resulting in limited inter-stage overlap. In the network-
constrained hybrid configurations evaluated in this work, data
access and transfer latencies constitute a substantial portion
of total execution time, which reduces the impact of such
fine-grained overlap on overall runtime prediction. Finally,
the total job time f}ob(j ) is the cumulative sum of the
predicted group durations, f"group(Gk):

YA}Ob(j) = Z fgroup(Gk) (16)
k=1

Figure 1 illustrates the dependency-aware grouping on a
simplified job graph. Nodes denote stages S;, and dashed
rectangles represent execution groups Gy, ordered according
to the job’s topological structure. Stages Si, S2, and S3 have
no mutual shuffle dependencies and form Gi, allowing
potential parallel execution subject to resource availability.
Stage S4, which depends on S| and S5, forms G,. Stage Ss,
dependent on S3 and Sy, defines G3, and finally Sg, dependent
on S5, forms Gy.

G2 Gs Ga

O
S

—() ©,

299

FIGURE 1. Example of dependency-aware stage grouping.

In summary, this section defined a stage-level model
representing bandwidth, storage latency, and TCP dynamics.
Combined with a dependency-aware aggregation strategy,
this model captures the non-linear impact of network
constraints on total job execution time. We now describe the
system architecture that operationalizes these components.

IV. TRANSPORT-AWARE MODELING FRAMEWORK

The primary objective of our framework is to enable
accurate, submission-time performance prediction for hybrid
cloud bursting without requiring target-side profiling for
every new workload. Our approach relies on the relative
stability of logical query plans across environments, enabling
on-premises telemetry to serve as a high-fidelity baseline for
cloud execution. Our framework follows a decoupled, two-
phase architecture.

A. PHASE 1: PROACTIVE ON-PREMISES PROFILING

The first phase involves collecting lightweight performance
metrics during on-premises job execution to establish a
performance baseline. The primary data sources consist
of standard Spark event logs and granular stage-level
metrics retrieved from the Spark History Server REST APIL.
We developed a lightweight metrics interceptor that hooks
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into the on-premises execution engine to extract and serialize
performance counters into a structured JSON format.

A central requirement for our transport-aware prediction is
the association of these metrics with specific job templates.
In large-scale production environments, a job template is
typically defined as the canonical logical plan of a query
after literals, predicates, and constants are stripped. A stable
identifier is then derived from this canonical plan using
hashing methods [55]. Structural elements, such as table
references, are preserved in the template definition. Because
table definitions resolve to specific storage locations and
associated metadata (e.g., file format and compression),
queries executed over different storage configurations may
yield distinct physical execution templates and therefore
require separate execution profiles.

While our framework is compatible with canonical
logical-plan hashing mechanisms, for this study we use
the intrinsic query template IDs provided by the TPC-DS
benchmark suite, combined with the storage format and
compression settings, to uniquely identify execution tem-
plates. By assigning telemetry to these templates, we create
a historical knowledge base that enables our model to
extrapolate performance changes when the same logical plan
is submitted. The overall profiling workflow is illustrated in
Figure 2.

On-premies job
execution

v v v

ﬁemplate identification}

Spark event logs [ Metrics interceptor I

\ 4

PR
Performance profile
aggregation

Historical
profile
store

FIGURE 2. Proactive on-premises profiling workflow.

B. PHASE 2: REACTIVE SUBMISSION-TIME PREDICTION

The second phase occurs at the time of job submission and
enables prediction-based offloading decisions. The complete
workflow is illustrated in Figure 3. First, the framework
identifies the incoming query’s template to retrieve the
corresponding historical on-premises profile and its stages.
The estimation process follows a hierarchical logic, begin-
ning with stage-level prediction described in Section III-C.
Following this stage-level prediction, the framework employs
the job-level aggregation model introduced in Section III-G
to estimate the total job execution time. This phase accounts
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for stage dependencies and potential overlap between stages
to ensure the final estimate reflects the job’s structural
complexity. Finally, the system executes an automated job
dispatch decision based on this aggregated prediction: if the
estimated hybrid runtime meets the user-defined degradation
threshold, the job is offloaded to the public cloud; otherwise,
it is retained for local execution.

This workflow relies on the stability of historical profiles,
which remain up to date as long as jobs execute on-
premises. Consistent offloading, however, prevents new
on-premises data from being collected, and the stored profile
may grow stale. Profile age or a growing gap between
predicted and observed execution times can indicate this
condition, though addressing it would require either resuming
on-premises execution or extending profile collection to
cloud deployments. Integrating an online feedback loop for
real-time model self-correction remains a subject for future
investigation.

Job submission

v

.

( N
[Template identification,
A J

v

Performance profile
retrieval

v

Stage prediction

v

s N

Historical
profile
store

Job-level aggregation

.

Offloading
decision

Public cloud

On-premises
execution

execution

FIGURE 3. Submission-time prediction workflow.

C. SYSTEM IDENTIFICATION METHODOLOGY
Enabling submission-time prediction requires determining
the Bbw, Bstorage» and Bdynamic coefficients without per-query
pilot runs. We resolve this by decoupling infrastructure cali-
bration from job-specific prediction. To identify these coeffi-
cients, we formulate parameter estimation as a Non-Negative
Least Squares (NNLS) problem on a representative subset
of workloads. This approach ensures that the estimated
coefficients remain physically valid (8 > 0), preventing the
model from fitting negative transport-related overheads that
would be physically impossible.

We determine the three structural coefficients in two steps.
The first takes on-premises stage profiles from a representa-
tive calibration set and the corresponding network parameters
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as input and substitutes them into the coefficient-free
transport terms 7, (S;), Ts’iorage(S,-), and Tj‘ynamic(Si), derived
from (6), (8), and (12), yielding the predictor matrix & as
output. The second takes ® and the observed hybrid execution
times y of the stages in the calibration set as input and
applies NNLS to yield exactly three scalar coefficients 8
as output. These coefficients are then applied at prediction
time through (17) to any recurring query whose on-premises
profile is available.

Based on the additive stage-level model in (2), we rewrite
the prediction for stage S; as a constrained linear combination
of coefficient-free transport terms:

Thyorid(S) = Bow * T (Si) + Butorage * Torage(S)
+ Idenamic ' T(;kyna_mic(si) (17)
Here, Ty (), Tgorage(Si), and T3 (S;) denote the

\ dynamic
coefficient-free terms derived from the bandwidth-limited
transfer model, the storage-access latency model, and the
dynamic TCP ramp-up model, respectively. These terms are
grounded in both the stage decomposition of distributed
data processing engines and established network transport
principles. The nonlinear effects are encoded analytically
in the three model components; coefficient calibration is
therefore formulated as a constrained linear least-squares
problem.

Given a calibration set of m observed stages, we collect
these terms into a predictor matrix ® and the corresponding
measured hybrid stage execution times into a target vector y.
The coefficient vector is defined as

,Bbw
ﬂ = ﬁstorage (18)

Idenamic

The coefficient identification problem is formulated as the
following NNLS optimization problem:

B = argmﬂin |®B —yl3 subjectto B>0  (19)

Here, ® e R™3 is the predictor matrix whose rows
correspond to observed stage instances and whose columns
correspond to the analytically derived transport terms, y €
R™ is the vector of measured hybrid stage execution times,
and B € R is the vector of unknown transport coefficients.
The objective minimizes the squared Euclidean norm of
the residual vector, i.e., the sum of squared differences
between predicted and measured stage execution times, under
non-negativity constraints.

This formulation aligns with the mathematical philosophy
of established distributed systems modeling frameworks,
ranging from foundational scalability models such as
Ernest [12] to recent adaptive transfer learning approaches
for Spark task-level metrics [36]. While prior studies
primarily use NNLS to characterize local resource scaling
or task-level configurations, our framework adapts this
interpretable approach to network transport in hybrid cloud
environments. This system identification is performed offline
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as an infrastructure-level calibration step that characterizes
the persistent physical constraints of the link. Because
these coefficients capture the system’s physical and archi-
tectural properties rather than its query logic, they exhibit
empirical stability across different query templates in our
evaluation.

We acknowledge that these coefficients serve a dual
role: they quantify the explicitly modeled mechanics while
also acting as structural proxies for systemic variables not
captured in our formal equations, such as hardware-specific
metadata processing or security protocol overheads.

D. DEPLOYMENT CONSIDERATIONS

The framework requires no specialized infrastructure beyond
a telemetry store for historical stage profiles and for
measuring the current hybrid interconnect parameters. The
profiling phase (Section IV-A) is non-intrusive, reads from
the Spark History Server without modifying job execution,
and can therefore be enabled in production without impacting
running workloads. At submission time, the prediction
reduces to a small number of arithmetic operations on
pre-computed stage profiles, making its latency negligible
within a submission-time decision window. The dispatch
decision is a threshold comparison against a user-defined
degradation tolerance, which is straightforward to configure
and audit. This phase integrates naturally with workflow
orchestrators such as Apache Airflow [56] as a pre-execution
operator, enabling automated offloading decisions within
existing pipeline definitions. Alternatively, in a broader
deployment context, the predicted execution times could
serve as runtime estimates for higher-level resource managers
such as Starburst [57]. Such systems, which mediate between
on-premises and dynamically provisioned cloud clusters,
could incorporate these estimates to drive more informed
placement decisions based on predicted performance
overhead.

In summary, the framework follows a decoupled structure
that separates proactive profiling and system identifica-
tion from the prediction phase. Workload signatures and
coefficients are determined beforehand. At the moment of
job submission, the system only executes the prediction
workflow to make informed offloading decisions. The
following section details the experimental environment and
the emulated hybrid interconnect used to evaluate the model’s
predictive accuracy across the TPC-DS workload under
varying network constraints.

V. EXPERIMENTAL SETUP

To empirically validate the proposed model, we orchestrated
a synthetic hybrid cloud topology comprising two logically
distinct clusters. While both environments were physically
deployed on Amazon Web Services (AWS) infrastructure
to ensure hardware homogeneity and reproducibility, their
logical configurations were strictly separated to emulate a
real-world hybrid deployment.
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A. CLUSTER TOPOLOGY AND CONFIGURATION

The first cluster represents the on-premises site and stores
data in HDFS. This choice reflects the continued prevalence
of HDFS-based data platforms in enterprise environments.
Industry surveys report that on-premises deployments col-
lectively manage tens of exabytes of data [58]. Given the
operational and economic constraints associated with data
gravity, a substantial portion of enterprise data remains
resident in on-premises storage systems, making HDFS a
representative baseline for evaluating hybrid cloud bursting
scenarios. The second cluster serves as the public cloud exe-
cution engine, representing the ephemeral clusters handling
offloaded jobs. This cluster accesses input data remotely
from the HDFS storage of the first cluster via the emulated
hybrid interconnect, while processing intermediate shuffle
data using local ephemeral storage.

The overall experimental topology, including the Traffic
Shaping Gateway (TSG) used to emulate the hybrid inter-
connect by enforcing bandwidth and latency constraints,
is illustrated in Figure 4.

Logical On-Premises Cluster Logical Public Cloud Cluster

Apache Spark (master, 3 workers) Apache Spark (master, 3 workers)

HDFS storage Remote HDFS access (via TSG)

Local shuffle storage

Hybrid interconnect
(remote HDFS traffic)

Traffic Shaping Gateway

Linux Traffic Control (HTB, NetEm)
Bandwidth & RTT control

FIGURE 4. Experimental hybrid cloud topology with emulated
interconnect.

The experimental environment was built on a production-
grade Cloudera Data Platform (CDP) version 7.3.1.100 [59],
integrating Apache Spark 3.4.1 and Hadoop 3.1.1. Both clus-
ters were configured with an identical topology consisting of
a single leader node dedicated to cluster management services
and three worker nodes responsible for benchmark execution.
The detailed hardware specifications are summarized in
Table 3.

TABLE 3. Experimental cluster hardware configuration.

Specification Leader Node | Worker Node (x3)
Instance Type r5.4xlarge mbi.4xlarge
vCPUs 16 16
Memory (GB) 128 64
Data Disk Type - GP3 EBS
Number of Disks - 4
Disk Capacity (TB) - 1 (per disk)
Disk Throughput (MB/s) - 250 (per disk)
Baseline Network (Gb/s) 5.0 6.25
Burst Network (Gb/s) 10.0 12.5

B. NETWORK INTERCONNECT EMULATION
To isolate the impact of hybrid interconnect performance
on query execution, we established a deterministic network
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emulation environment. This setup enables precise control
over network parameters. We implemented a dedicated TSG,
logically positioned between the on-premises and public-
cloud clusters. To force all inter-site traffic through this
control point, we configured static policy-based routing on
all cluster nodes.

The TSG implements traffic shaping using the token
bucket algorithm, one of the most widely used rate limiting
techniques [60]. Our specific implementation leverages
the Hierarchical Token Bucket (HTB) [61] queuing dis-
cipline provided by the Linux kernel’s traffic control (tc)
subsystem [62]. While this mechanism is primarily used
to govern inter-cluster traffic rates, we also applied rate
limiting on every node to eliminate the burst network
credit mechanism typical of AWS EC2 instances [63].
We thereby neutralize these transient increases in net-
work capacity by imposing a per-node strict throughput
ceiling equal to the baseline network value listed in
Table 3.

To extend the TSG framework’s capabilities established in
our prior work [11], we integrated latency constraints using
the Linux kernel’s NetEm module [64]. This allows the TSG
configuration to synthesize the artificial propagation delays
characteristic of geographically distributed hybrid clouds.
In our experiments, we inject three different round-trip propa-
gation delays: 0 ms, 10 ms, and 25 ms. To ensure the accuracy
of the emulated environment, we empirically verified these
constraints through ICMP-based measurements, resulting
in observed average RTTs of 0.301 ms, 10.492 ms, and
25.456 ms, respectively:

e 0 ms (observed 0.301 ms): Serves as the baseline,
representing a near-ideal local connection or a dedicated
fiber link with minimal propagation delay.

o 10 ms (observed 10.492 ms): Simulates the latency
characteristic of a high-quality regional or metropolitan
area connection.

o 25 ms (observed 25.456 ms): Represents the latency
typical of a hybrid cloud interconnect between regions.

The discrepancy between the configured delays and the
measured RTT values is attributable to the baseline latency of
the underlying infrastructure, including physical propagation
delay, switch processing time, and virtualization overhead.
These factors add to the delay introduced by NetEm.

The bandwidth constraints were aligned with industry-
standard AWS Direct Connect [65] tiers. The TSG enforced
four bandwidth caps (2, 5, 10, and 25 Gb/s) across three
latency profiles, yielding twelve possible configurations. One
combination (2 Gb/s at 10 ms) was not measured, resulting
in eleven evaluated network environments. The 25 Gb/s con-
figuration was intentionally selected to exceed the aggregate
storage throughput capacity of the worker nodes. As the com-
bined disk bandwidth is below this limit, the hybrid intercon-
nect does not impose a throughput constraint under these con-
ditions, allowing us to approximate a transport-unconstrained
baseline.
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C. BENCHMARK SELECTION

For evaluation, most existing studies use HiBench [66] or
TPC-DS [67] benchmarks, as summarized in Table 1. The
TPC-DS is particularly compelling for our research because
its read-heavy nature aligns with the economic asymmetry
of hybrid cloud networking. This benchmark models a retail
business environment characterized by periodic surges in data
volume and query load, such as seasonal sales or promotional
campaigns. These scenarios reflect a common motivation
for hybrid cloud bursting, where enterprises temporarily
extend on-premises deployments to the public cloud to handle
transient demand peaks.

Our experimental validation uses a fixed TPC-DS scale
factor of 1,000, which generates approximately 1 TB of raw
data. We systematically evaluate the impact of transport-layer
constraints across diverse network configurations and work-
load characteristics. During the evaluation, we vary the
storage format and compression strategy:

o Format variability: We consider two columnar storage
formats: (i) ORC and (ii) Parquet, which represent the
de facto standards for high-performance analytics [50].

o Compression strategy: We consider three configura-
tions: (i) uncompressed, maximizing transferred data
volume; (ii) Snappy, providing a balanced I/O-CPU
tradeoff; and (iii) Gzip (Parquet only), shifting the
workload toward a CPU-intensive regime by reducing
transferred data volume while increasing computational
overhead [11].

This experimental design results in 495 distinct exe-
cution templates (99 TPC-DS query templates evaluated
across five storage/compression configurations), spanning
diverse execution regimes. Within this set, query runtimes
range from sub-second executions transferring only a few
megabytes to complex analytical workloads accessing more
than 150 GB of data across over 2,100 HDFS blocks.
By systematically varying the compression-to-compute ratio,
the model is evaluated under both I/O-bound and CPU-bound
conditions.

D. EVALUATION METRICS
To assess the prediction accuracy of the transport-aware
model, we use statistical metrics that quantify the deviation
between predictions (J;) and ground truth values (y;), where
¥; is either the duration of an execution stage (Thybrid(S;)) or
the end-to-end job execution time (Tjop).

Mean Absolute Error (MAE) measures the average size
of prediction errors, ignoring their direction. It applies equal
weight to all errors, making it robust to outliers.

1 < .
MAE =~ 3 Iy; = Jil (20)
i=1

Root Mean Square Error (RMSE) is a quadratic scoring
rule that measures the average magnitude of the error by
squaring the differences before averaging. This approach
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penalizes larger deviations more heavily.

1 n
- E i — 3i)?
n

i1

Mean Absolute Percentage Error (MAPE) is a standard
measure of prediction accuracy expressed as a percentage.
However, it has limitations for short-lived queries and
execution stages, where negligible absolute errors can lead
to disproportionately large percentage deviations due to
inherent system noise.

RMSE = 1)

1 n
MAPE = —
&
To address MAPE’s limitations, we use the Weighted Mean
Absolute Percentage Error (WMAPE). By normalizing abso-
lute error by the total magnitude of observed values, WMAPE
gives more weight to long-duration executions, reducing
distortion from short stages. This mirrors practical cloud cost
priorities, where accurate predictions for long-running jobs
matter more economically than similar relative errors in short
tasks.

- 100% (22)

Vi —5’1"
Yi

n
> lyi =il

WMAPE= =L
> il
i=1

The Coefficient of Determination (R?) quantifies the
proportion of variance in the observed outcomes explained
by the model predictions. Values closer to 1 indicate stronger
explanatory power.

- 100% (23)

n

> i =50

i=1

n
D Gi—d
i=1

These metrics assess prediction quality and are reported
across all evaluated network configurations in the model
evaluation tables in Section VII. With the deterministic
emulation environment and evaluation metrics established,
we proceed to characterize the empirical impact of network
constraints on the TPC-DS workload.

RP=1- (24)

VI. IMPACT OF REMOTE DATA ACCESS

To quantify the impact of accessing data through the hybrid
interconnect, we use the Execution Time Degradation (ET,)
metric established in our previous work [11]. This metric
represents the relative increase in job execution time in the
cloud compared to a local on-premises baseline:

Teloud — Ton—premises

ET, = - 100% (25)

Ton-premises

where T¢oug denotes the measured execution time of a job
when executed on the cloud compute cluster with remote data
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access over the hybrid interconnect, and Top_premises denotes
the execution time of the same job executed locally on
the on-premises cluster with data locality. Our experimental
results confirm that degradation is primarily associated
with two distinct network regimes: throughput saturation
and latency-induced protocol throttling. These impacts are
summarized across the evaluated network configurations in
Table 4.

TABLE 4. Execution time degradation (E7,) across varying hybrid
interconnect conditions.

Bandwidth | Latency [ Total Time | Median ET,- [ Total ET;

On-Premises (baseline) 5.07h 0.0% 0.0%
25 Gb/s 0.30 ms 5.14h 2.13% 1.41%
25 Gb/s 10.49 ms 5.94h 28.22% 17.17%
25 Gb/s 25.46 ms 7.58h 78.94% 49.41%
10 Gb/s 0.30 ms 5.19h 2.07% 2.39%
10 Gb/s 10.49 ms 6.01 h 31.38% 18.59%
10 Gb/s 25.46 ms 7.68 h 81.16% 51.32%
5 Gb/s 0.30 ms 5.74h 7.93% 13.10%
5 Gb/s 10.49 ms 6.33h 38.56% 24.85%
5 Gb/s 25.46 ms 7.87h 92.17% 55.10%
2 Gb/s 0.30 ms 7.93h 40.70% 56.40%
2 Gb/s 25.46 ms 11.52h 120.13% 127.30%

The aggregate results show a non-uniform relationship
between network constraints and workload performance.
In the 25 Gb/s and 0.30 ms regime, which approximates a
transport-unconstrained baseline, a slight degradation relative
to the on-premises configuration persists. This performance
penalty results from reduced data locality. On-premises
HDEFS supports local short-circuit reads, whereas in the
hybrid cloud setup, compute and storage are disaggregated,
requiring all input data read from HDFS to traverse the
network.

Analysis of the 25 Gb/s and 10 Gb/s regimes shows that
the median ET, generally exceeds the total ET,, particularly
under higher latency conditions. This suggests that at
higher bandwidths, the aggregate degradation is primarily
driven by fixed transport-layer and protocol overheads,
which disproportionately affect shorter tasks. However, when
bandwidth is restricted to 2 Gb/s, the total ET, (127.30%)
exceeds the median ET, (120.13%). In this regime, the
physical throughput limit becomes the dominant bottleneck
for I/O-bound queries, which account for the majority of the
cumulative execution time.

Propagation delay introduces an additional bottleneck even
when bandwidth is abundant. Under the 25 Gb/s configura-
tion, increasing the round-trip time to 25.46 ms results in
a 49.41% increase in total benchmark execution time. This
behavior reflects latency-induced transport inefficiencies,
where extended RTT prolongs TCP congestion window
growth and amplifies per-request protocol overheads.

Figure 5 illustrates the distribution of Execution Time
Degradation (ET,) for 495 TPC-DS query executions under
a single hybrid network configuration. The diagram corre-
sponds to the 2 Gb/s bandwidth limit with 25.46 ms round-trip
time. The degradation distribution is highly skewed and forms
a pronounced long tail, driven by highly network-sensitive
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FIGURE 5. Distribution of Execution Time Degradation (ET,)
across 495 TPC-DS queries under a fixed network configuration (2 Gb/s,
25.46 ms RTT).

workloads such as Query28 [68] and Query85 [69], which are
discussed later in this section. The median degradation under
this configuration is 120.13%, indicating that more than half
of the evaluated queries experience at least a doubling of
execution time relative to the on-premises baseline.

To understand the mechanics of the evaluated net-
work regimes, we analyze individual query behaviors.
In throughput-limited scenarios, queries with high data-to-
compute ratios become bandwidth-bound because a sub-
stantial fraction of their execution time is spent transferring
input data rather than performing computation. For example,
Query28 [68], which exhibits the highest data transfer
volume in our evaluation of the TPC-DS suite (approximately
151.55 GB), experiences a degradation of 1142.11% in the
2 Gb/s and 0.30 ms configuration. With this configuration,
CPU utilization drops from 80.08% to 5.32%, indicating
that the majority of execution time is spent stalled on
remote data transfer. Under high-bandwidth but high-latency
conditions (25 Gb/s and 25.46 ms RTT), Query28 also
exhibits substantial degradation. In this regime, the slowdown
is primarily attributable to bandwidth-delay product effects:
the increased RTT prolongs TCP congestion window growth
and delays convergence to the steady-state window size
required to saturate the link. Consequently, execution time
increases from 52.12 s to 196.68 s, corresponding to an ET;
of 277.40%.

Certain workloads exhibit high sensitivity to latency
regardless of data volume. Under the 25 Gb/s and 25.46 ms
RTT configuration, Query85 [69] is heavily impacted by
the cumulative effect of round-trip time. It processes 2,184
partitions of the web_returns table and 1,823 partitions
of the web_sales table while moving 3.36 GB of data,
which is approximately 2.22% of the HDFS input data read by
Query28. As round-trip time increases, the cumulative wait
time for these thousands of small HDFS accesses, including
TCP and security handshakes, as well as footer metadata
reads from the underlying columnar files, inflates the
execution duration. Consequently, execution time increases
from 6.40 s to 53.00 s, corresponding to a 728.13% increase.

A critical finding of our characterization is that aggregate
network I/O volume alone is not a reliable indicator of
execution-time degradation in hybrid environments. Instead,
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degradation is primarily driven by the volume of input data
accessed remotely across the hybrid interconnect, whereas
internal shuffle traffic within the cloud cluster has limited
impact. Consider Query67 [70], which processes nearly
40 GB of data. While 35 GB is moved during the shuffle
phase, this traffic utilizes local ephemeral storage and does
not traverse the constrained hybrid interconnect. Despite a
long absolute execution time (450.47 s), Query67 exhibits
negligible degradation (3.01%) under 2 Gb/s and 25.46 ms
RTT constraints. Its bottleneck is low parallelism during
query processing, not transport-layer limitations.

These empirical findings reinforce the need for a
transport-aware approach that enables selective, submission-
time offloading decisions, identifying workloads that are
likely to benefit from cloud bursting while avoiding those for
which remote execution would incur substantial degradation.

VII. MODEL EVALUATION

This section evaluates the proposed transport-aware frame-
work through a multi-stage validation process. We begin
by performing system identification to calibrate the struc-
tural coefficients (8). We then assess the accuracy of the
stage-level predictor by comparing it with transport-agnostic
baselines and quantifying the precision gains from the
bandwidth- and latency-aware components of the model.
Furthermore, we evaluate the stage predictor’s robustness
to variations in maximum transmission unit (MTU) size
and assess its out-of-distribution generalization capability
across unseen network environments. Finally, we evaluate the
resource-aware aggregation model to assess the framework’s
effectiveness in predicting end-to-end job execution times.
In all evaluation tables throughout this section, bandwidth and
latency are the controlled independent variables.

A. TRANSPORT-AGNOSTIC BASELINES

As a baseline, we assess a representative transport-agnostic
predictor. Representative models in this class, includ-
ing Ernest [12], Mustafa et al. [14], Ahmed et al. [16], and
Farooq et al. [18], are listed in Table 1. Although such models
can achieve high accuracy within a specific deployment
environment, they omit bandwidth and latency as explicit
input features, and they are not designed to generalize
execution time across heterogeneous network conditions in
hybrid cloud settings.

To define a transport-agnostic reference predictor,
we assume that hybrid execution time equals the on-premises
runtime (f"hybrid =  Tpase). This formulation reflects
the infrastructure-invariance assumption that arises when
network characteristics are not explicitly modeled: in the
absence of transport-aware variables, hybrid execution is
implicitly treated as equivalent to baseline behavior. Under
favorable network conditions where bandwidth is abundant
and latency is low (25 Gb/s, 0.30 ms), this reference predictor
achieves high explanatory power R> > 0.98 at the job level,
as shown in Table 14. In such regimes, network effects are
secondary to local disk and CPU characteristics, and hybrid
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performance closely matches on-premises behavior. Rather
than picking one specific model from this class, we adopt
f“hybﬁd = Thase as a representative baseline, which constitutes
the best achievable predictor for any transport-agnostic model
in a network-constrained hybrid setting. Without bandwidth
and RTT as input features, no such model can distinguish
hybrid execution from on-premises behavior.

1) STAGES WITHOUT REMOTE DATA TRANSFER

We first consider stages that do not perform remote
data access across the hybrid interconnect. The predic-
tion results of the transport-agnostic model are summa-
rized in Table 5. Across all evaluated bandwidth-latency
configurations, prediction accuracy remains consistently
high (R? > 0.99, MAE < 0.30 s).

These high R? values reflect the near-equivalence between
hybrid and on-premises execution in the absence of remote
data transfer. In this regime, transport effects are effectively
absent, and hybrid execution closely matches the baseline
runtime. The prediction task therefore reduces to modeling
minor runtime variability rather than transport-induced
degradation. As such, this setting does not constitute a
challenging test of transport sensitivity.

TABLE 5. Transport-agnostic baseline prediction accuracy on stages
without remote data transfer.

Bandwidth | Latency | MAE | RMSE | WMAPE [ R?
25 Gb/s 0.30ms | 0.22 | 1.29 4.33% [0.9966
25Gb/s | 1049 ms| 0.24 | 1.18 4.65% |0.9972
25Gb/s | 25.46ms | 0.27 1.16 5.30% |0.9973
10 Gb/s 0.30ms | 0.21 1.05 4.10% [0.9977
10Gb/s | 1049 ms | 0.20 | 0.85 4.02% |0.9985
10Gb/s 2546 ms| 0.27 | 1.22 5.26% |0.9970
5 Gb/s 0.30ms | 024 | 143 4.74% 10.9959
5 Gb/s 1049 ms | 0.20 | 0.80 3.98% |0.9986
5 Gb/s 2546 ms | 0.27 | 1.95 521% [0.9919

2) STAGES WITH REMOTE DATA TRANSFER

We evaluate the same transport-agnostic baseline on stages
that transfer data across the hybrid interconnect. The results
are summarized in Table 6.

Under favorable network conditions (e.g., 25 Gb/s,
0.30 ms), explanatory power remains high (R*> ~ 0.99).
In this regime, hybrid execution closely follows the on-
premises baseline, as the network does not constitute the
primary bottleneck. However, as bandwidth decreases and
latency increases, prediction accuracy deteriorates substan-
tially. Under constrained conditions (e.g., 5 Gb/s, 25.46 ms),
R? drops to 0.5618 and error metrics increase significantly.
In these network-bound regimes, the baseline systematically
underestimates execution time because transport-layer effects
are not modeled.

For clarity of incremental comparison, we restrict the sub-
sequent analysis to bandwidth values between 5 and 25 Gb/s.
Lower bandwidth constraints (2 Gb/s) are introduced in
Section VII-C3 to evaluate out-of-distribution extrapolation
performance.
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TABLE 6. Transport-agnostic baseline prediction accuracy on stages with
remote data transfer.

Bandwidth | Latency | MAE | RMSE [ WMAPE | R?Z
25Gb/s | 0.30ms | 0.20 | 0.77 7.56% | 0.9893
25Gb/s | 1049 ms | 1.13 | 253 | 31.12% | 0.9047
25Gb/s | 2546 ms | 3.33 | 743 | 56.43% |0.6132
10Gb/s | 0.30ms | 0.25 | 1.02 9.25% ]0.9814
10Gb/s | 10.49ms| 1.20 | 2.73 | 31.92% |0.9016
10Gb/s | 25.46ms | 345 | 7.68 | 57.22% |0.6031
5 Gb/s 030ms | 0.80 | 3.34 | 23.98% |0.8625
5 Gb/s 1049 ms | 1.65 | 432 | 39.32% |0.8039
5 Gb/s 2546ms | 3.73 | 850 | 59.22% |0.5618

Overall, these results demonstrate that transport-agnostic
models perform well when network effects are negligible or
secondary to local disk throughput or CPU constraints. Once
hybrid interconnect becomes a limiting factor, the accuracy
of the prediction deteriorates systematically.

B. COMPONENT-WISE EVALUATION OF THE
TRANSPORT-AWARE STAGE-LEVEL PREDICTOR

To isolate the contribution of individual transport effects,
we evaluate the stage-level predictor component-wise.
Specifically, we first analyze the bandwidth-dependent trans-
fer term and then incorporate the latency-driven storage and
dynamic transport components. This decomposition allows
us to quantify how distinct physical mechanisms influence
predictive accuracy.

In this section, we restrict the analysis to stages
that perform remote data transfers. As demonstrated in
Section VII-A1, stages without remote I/O exhibit negligible
sensitivity to network conditions and therefore do not require
transport-aware adjustment.

1) BANDWIDTH-DEPENDENT COMPONENT

Table 7 reports the prediction accuracy of the bandwidth-
dependent component of our transport-aware model when
only the bandwidth-scaling formulation (6) is applied.
In this configuration, the Tgtorage and Tdynamic terms are
disabled, isolating the contribution of Ty,. Compared to the
transport-agnostic baseline, this component yields substantial
improvements in bandwidth-constrained regimes.

TABLE 7. Bandwidth-dependent component prediction accuracy on
stages with remote data transfer.

Bandwidth | Latency | MAE [ RMSE | WMAPE | R?
25Gb/s | 0.30ms | 0.19| 0.77 | 7.31% |0.9893
25Gb/s | 1049ms| 1.08| 2.44 | 29.63% |0.9117
25Gb/s |25.46ms| 327| 732 | 55.42% |0.6237
10Gb/s | 030ms | 0.18| 0.62 | 6.83% |0.9932
10Gb/s |1049ms| 1.09| 243 | 28.86% |0.9217
10Gb/s |2546ms| 3.33| 7.40 | 5523% |0.6312
5Gb/s | 0.30ms | 022] 059 | 6.56% |0.9957
5Gb/s | 1049ms| 1.02| 225 | 24.32% |0.9466
5Gb/s |2546ms| 3.09| 6.77 | 49.15% |0.7222

At 5 Gb/s and 030 ms RTT, R? increases from
0.8625 in the transport-agnostic setting to 0.9957, while
MAE improves from 0.80 s to 0.22 s. Similar improvements
are observed across other low-latency configurations. These
results provide evidence that when RTT is low, throughput
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limitation is the dominant transport effect, and the scaling
relationship expressed by (6) captures the primary source of
execution-time deviation.

However, as RTT increases, the predictive power of the
bandwidth-only formulation diminishes. At 10.49 ms RTT,
R? falls into the 0.9117-0.9466 range, and at 25.46 ms RTT,
it further degrades to 0.6237-0.7222. In these high-latency
settings, prediction accuracy remains comparable to the
transport-agnostic baseline. This behavior is consistent with
the model design: the bandwidth term captures throughput
constraints, but it does not represent RTT-driven storage and
congestion effects.

2) LATENCY-DRIVEN TRANSPORT COMPONENTS

Within our transport-aware model, we now evaluate the full
stage-level formulation by incorporating the latency-driven
components in addition to the bandwidth-dependent term.
Specifically, the Tgorage and Tdynamic terms are activated
alongside Ty, thereby forming the complete transport-aware
stage-level predictor.

As shown in Table 8, the inclusion of these terms yields
substantial improvements under higher-latency conditions.
At 25.46 ms RTT, R? increases from approximately 0.6237—
0.7222 in the bandwidth-only model to between 0.9618 and
0.9672. The observed improvement in evaluation metrics
suggests that the RTT-driven mechanisms account for the
majority of the variance unexplained by the bandwidth-
only formulation. By explicitly modeling these latency-
sensitive components, the transport-aware predictor achieves
high accuracy across heterogeneous bandwidth-latency
configurations.

TABLE 8. Latency-driven transport component prediction accuracy on
stages with remote data transfer.

Bandwidth | Latency | MAE | RMSE | WMAPE [ R?Z
25Gb/s | 0.30ms | 0.20| 0.78 7.62% |0.9889
25Gb/s | 10.49ms | 0.36| 0.93 9.81% |0.9871
25Gb/s | 2546ms | 0.84| 2.22 14.17% | 0.9655
10Gb/s | 0.30ms | 0.19] 0.63 7.01% |0.9929
10Gb/s | 10.49ms| 0.37| 0.93 9.75% | 0.9886
10Gb/s | 2546ms| 0.88| 2.38 14.62% | 0.9618
5 Gb/s 030ms | 0.21| 0.58 6.44% |0.9958
5 Gb/s 1049 ms | 045| 1.13 10.63% | 0.9866
5Gb/s |2546ms| 094 | 2.33 14.87% | 0.9672

The component-wise evaluation highlights the com-
plementary roles of the modeled transport mechanisms.
Bandwidth scaling corrects the dominant error in throughput-
limited settings but leaves considerable error under higher
RTT conditions. Incorporating the latency-driven storage
and dynamic transport components reduces this remaining
error and improves prediction accuracy across all evaluated
network configurations.

C. SENSITIVITY AND STABILITY ANALYSIS OF
STRUCTURAL COEFFICIENTS

In this subsection, we evaluate the structural reliability of the
transport-aware model to ensure that the learned coefficients
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represent physical system properties rather than dataset-
specific artifacts. We first examine the statistical stability
of the parameters across diverse workload samples using
bootstrapping, followed by a workload-level cross-validation
of coefficient stability across different selections of query
templates. We then assess the model’s ability to generalize to
unseen network environments (out-of-distribution), evaluate
the sensitivity of predictions to coefficient miscalibration, and
examine its sensitivity to link-layer configurations, such as
MTU variations.

1) STATISTICAL STABILITY AND PARAMETER ROBUSTNESS
The transport-aware modeling framework introduces a small
set of structural coefficients that require empirical calibration,
as described in Section IV-C. In this section, we evaluate
the statistical stability and robustness of these parameters.
Coefficient estimation is performed using NNLS regression
to enforce non-negativity constraints. To assess robustness,
we perform a stratified bootstrap procedure with 1,000
iterations. In each iteration, stages are sampled with replace-
ment while preserving the distribution of baseline input data
volume. Stages are partitioned into five quantile bins based on
input_read_gb_baseline, representing the volume of
HDEFS input data read during baseline execution as reported
by Spark, and samples are drawn with stratification over
these bins. This ensures that each calibration run contains
a representative mix of stages across the full range of input
data volumes. The NNLS calibration is repeated on each
resampled dataset, yielding an empirical distribution for each
coefficient.

The resulting estimates, summarized in Table 9 and
illustrated in Figure 6, exhibit low variance and narrow 95%
confidence intervals, indicating strong parameter stability
across resampling iterations.

TABLE 9. Structural coefficient confidence intervals.

95% Confidence

Coefficient | Mean + Std. Dev. Interval
25% 97.5%
Bow 1.0029 + 0.0034 | 0.9960 1.0091
Bdynamic 2.0813 £0.0843 | 1.9215 2.2594
Bstorage 13.4954 £+ 0.1824 | 13.1671 13.8530

The physical interpretation of these parameters is as

follows:

e Bow ~ 1.0: This coefficient scales the bandwidth-
dependent transfer term. Its proximity to 1.0 suggests
that the analytical throughput formulation provides a
good approximation of bulk data transfer behavior in our
setup.

e Bdynamic ~ 2.08: This coefficient calibrates the addi-
tional overhead during the congestion-control ramp-up
phase (e.g., slow-start). A value greater than 1 indicates
that real transport behavior deviates from the idealized
growth model and includes implementation-specific
effects (e.g., early exit mechanisms) and protocol
overheads that are not explicitly modeled.
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e PBstorage ~ 13.50: This comparatively large coefficient
quantifies the contribution of the per-partition access
latency term described in Section III-E. It reflects the
repeated costs of remote data access, including multiple
round-trips for connection establishment, authentica-
tion, and metadata retrieval operations in columnar
storage formats.
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FIGURE 6. Stability of structural coefficients across 1,000 bootstrap
iterations.

Two of the three model components depend on round-trip
latency: Tgiopage through RTT-bound HDFS partition-access
RPCs, and Tékynamic through the duration of the TCP slow-start
phase. This shared dependence could imply larger dispersion
in Bdynamic and Bstorage relative to By when the calibration
set changes. To quantify the resulting collinearity structure,
we computed the Variance Inflation Factor (VIF) [71] for
each predictor on the full predictor matrix (36,821 stage
observations x 3 predictors). It is defined as VIF; = (1 —
RJZ)’I, where j indexes each of the three predictors and R]Z is
the proportion of variance in T;* explained by the other two.
VIF is a widely used diagnostic for predictor collinearity;
values above 10 are commonly cited as a threshold for
severe collinearity [71]. The resulting values of 1.16, 2.53,
and 2.78 for Ty, T4 namic» Ad Tiorge respectively indicate
moderate collinearity, well below the threshold of 10.

To further assess robustness, we performed identification
separately on Parquet-only and ORC-only subsets. The
Bow and PBdynamic estimates remained within overlapping
95% confidence intervals across formats, indicating stability
of the transport-layer terms within statistical uncertainty.
For Bstorage, the mean estimate was 14.01 for ORC and
13.11 for Parquet, with overlapping confidence intervals.
This moderate variation is consistent with the structural role
of Bstorage, Which captures aggregated per-partition access
costs influenced by format-specific metadata organization.
Because metadata access behavior is not explicitly param-
eterized but absorbed into Bsiorage, Some format-dependent
variation of this coefficient is expected and does not
contradict the structural validity of the model.

We acknowledge that all B coefficients implicitly capture
infrastructure-specific characteristics not explicitly modeled
in (6), (8), and (12). Changes in system parameters, such
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as packet loss, hardware architecture, HDFS configuration,
storage backend, or security protocol behavior, may alter
effective transport dynamics. In such cases, the system
identification procedure should be repeated to recalibrate the
coefficients.

2) CROSS-WORKLOAD STABILITY

The bootstrap procedure of Section VII-C1 resamples stages
from the full pool, preserving the workload composition
of the calibration set. To assess whether the identified
coefficients depend on which query templates are included,
we performed a workload-level cross-validation. The 99
TPC-DS templates were randomly split into an 80-template
training set and a 19-template held-out set, NNLS calibration
was run on the training stages, and the procedure was repeated
for 1,000 independent partitions.

The resulting coefficient estimates are summarized in
Table 10. The means closely match the full-pool fit reported
in Table 9, indicating that random partitioning does not
introduce a systematic bias. The observed dispersion pattern
is consistent with the collinearity structure characterized in
Section VII-C1.

TABLE 10. Structural coefficient stability under 1,000-iteration
workload-level cross-validation (80/19 split of TPC-DS query templates).

95% Confidence
Coefficient | Mean =+ Std. Dev. Interval
[ 25% 97.5% |
Bow 1.0030 + 0.0070 | 0.9881 1.0156
Bdynamic 2.0850 £ 0.1500 | 1.7472 2.3573
Bstorage 13.4869 £ 0.5029 | 12.4391 14.4905

3) CROSS-ENVIRONMENT GENERALIZATION

To evaluate the proposed model’s ability to generalize
across different network regimes, we performed a restricted
calibration experiment. The system identification procedure
was executed exclusively using measurements collected at
10 Gb/s and 10.49 ms RTT. No samples from other bandwidth
configurations or other latency conditions were included
in the calibration set. Under this restricted calibration, the
estimated coefficients remained structurally consistent with
the full-dataset identification. The bandwidth and storage
coefficients retained comparable magnitudes, while the
dynamic transport coefficient exhibited substantially higher
variance, as shown in Table 11.

TABLE 11. Structural coefficient confidence intervals under restricted
calibration (calibrated at 10 Gb/s, 10.49 ms).

95% Confidence

Coefficient | Mean + Std. Dev. Interval
25% 97.5%
Bow 1.0130 + 0.0075 | 0.9986 1.0287
Bdynamic 1.5703 +0.4718 | 0.5900 2.4672
Bstorage 13.8017 4 0.3900 | 13.0380 14.5763

Despite this increased uncertainty, stage-level predic-
tion accuracy remained high across all out-of-distribution
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configurations outside the calibration set, as shown in
Table 12. R* exceeded 0.95 across all evaluated configura-
tions. Even in the most network-constrained evaluated setting
(2 Gb/s, 25.46 ms), the model achieved R? = 0.9759 with low
residual bias, indicating extrapolation capability across a 5x
reduction in bandwidth and a 2.5x increase in RTT relative
to the calibration conditions.

TABLE 12. Out-of-distribution stage-level prediction accuracy (calibrated
at 10 Gb/s, 10.49 ms).

Bandwidth | Latency | MAE | RMSE | WMAPE | R2
25 Gb/s 0.30ms |0.1915|0.7674 | 7.39% |0.9893
25Gb/s | 1049 ms [ 0.3581 | 0.9180 | 9.84% | 0.9875
25 Gb/s | 25.46 ms | 0.8947 | 2.3259 | 15.15% |0.9621
10 Gb/s 0.30ms |0.1840 | 0.6163 | 6.87% |0.9933
10Gb/s | 10.49 ms | 0.3625 | 09116 | 9.61% |0.9890
10 Gb/s | 25.46 ms | 0.9373 | 2.4935 | 15.55% |0.9582
5 Gb/s 0.30ms |0.2180 | 0.5939 | 6.56% |0.9956
5 Gb/s 10.49 ms | 0.4374 | 1.0768 | 10.41% |0.9878
5 Gb/s 2546 ms | 0.9674 | 2.3451 | 15.37% |0.9667
2 Gb/s 0.30ms | 0.5749 | 1.4449 | 9.25% |0.9927
2 Gb/s 2546 ms | 1.2752| 2.8994 | 15.48% |0.9759

These results suggest that the model retains high predictive
accuracy when calibrated on a single network configuration
and evaluated under substantially different bandwidth and
latency conditions. However, the results also show that reli-
able system identification depends on the diversity of network
conditions included during calibration. When we restricted
calibration to low-latency conditions (0.30 ms), latency-
related effects were only weakly reflected in the data. In such
cases, coefficients associated with latency-driven transport
components, particularly Bdynamic, became more difficult to
identify reliably. Therefore, for robust deployment, calibra-
tion should be performed under network conditions that are
representative of the expected operating range.

4) ONE-AT-A-TIME COEFFICIENT SENSITIVITY

To assess the impact of coefficient miscalibration on
stage-level prediction quality, we apply a one-at-a-time
sensitivity analysis [72]. Each coefficient is set independently
to the 95% confidence interval limits observed in the
restricted single-configuration calibration in Section VII-C3,
with results reported in Table 13. In each sensitivity row, one
coefficient is set to a confidence interval bound while the
other two remain at the restricted mean. For example, the
Bdynamic = 0.5900 row uses Bpw = 1.0130 and Bsorage =
13.8017. The restricted mean row sets all three coefficients to
their mean values from Table 11, and the transport-agnostic
predictor serves as the comparison baseline. Results are
shown at 2 Gb/s and 25 Gb/s, both at 25.46 ms RTT. In every
case the model outperforms the transport-agnostic predictor
and remains close to the calibrated baseline.

5) SENSITIVITY TO MTU AND CONGESTION-WINDOW
SCALING

To evaluate the model’s sensitivity to link-layer parameters,
we compare predictive performance under two Maximum
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TABLE 13. Stage-level prediction accuracy under one-at-a-time
coefficient sensitivity at the 95% confidence interval limits of the
restricted calibration.

Case [MAE [RMSE [ WMAPE| R?
2 Gb/s, 25.46 ms RTT

Transport-agnostic | 5.67 | 14.98 | 68.8% |0.3555
Restricted mean 1.28 | 2.90 15.5% | 0.9759
Bow = 0.9986 1.25 | 278 152% |0.9779
Bow = 1.0287 1.31 | 3.05 159% | 0.9733
Bdynamic = 0.5900 | 1.25 | 2.83 15.2% | 0.9771
Bdynamic = 2.4672 | 1.30 | 2.98 15.8% |0.9745
Bstorage = 13.0380 | 1.26 | 2.82 153% |0.9772
Bstorage = 14.5763 | 1.30 | 3.01 15.8% |0.9741
25 Gb/s, 25.46 ms RTT

Transport-agnostic | 3.33 | 7.43 56.4% |0.6132
Restricted mean 0.89 | 2.33 15.2% | 0.9621
Bow = 0.9986 091 | 236 15.5% |0.9610
Bow = 1.0287 0.88 | 2.30 14.8% | 0.9630
Bdynamic = 0.5900 | 1.05 | 2.69 17.8% | 0.9494
Bdynamic = 2.4672 | 0.83 | 2.19 14.1% | 0.9664
Bstorage = 13.0380 | 0.95 | 2.43 16.1% | 0.9586
Bstorage = 14.5763 | 0.85 | 2.25 14.4% | 0.9644

Transmission Unit (MTU) settings: standard Ethernet frames
(MTU = 1500) and jumbo frames (MTU = 9001). These val-
ues correspond to supported MTU configurations in hybrid
interconnect solutions, making the evaluation representative
of practical deployments [73].

In modern TCP implementations, the initial congestion
window depends on the negotiated path MTU and is
influenced by link-layer configuration [74]. Consequently,
MTU directly affects the effective initial congestion window
size. Through (12), MTU impacts the transient ramp-up cost
required to reach the bandwidth-delay product. We evaluate
this sensitivity under 25 Gb/s and 25.46 ms RTT, where
slow-start and bandwidth-delay product effects are most
pronounced. Reducing MTU from 9001 to 1500 decreases
the predictive performance of the transport-agnostic baseline
from R? = 0.6132 to R?> = 0.5538, indicating increased
unexplained variance under slower ramp-up conditions.
A smaller MTU reduces the effective initial congestion win-
dow, thereby increasing the number of round-trip intervals
required to reach Wiyger in (12).

Importantly, no recalibration of the B coefficients was
performed for the MTU variation. Using the same calibrated
parameters, the transport-aware model maintains stable
predictive performance, with R> = 0.9621 for MTU =
9001 and R* = 0.9595 for MTU = 1500. Overall, the
MTU experiment demonstrates that the proposed formulation
maintains predictive accuracy under realistic link-layer
variations.

It should be noted that the exact initial congestion
window and slow-start behavior depend on the specific
TCP implementation and system configuration [75]. In our
formulation, Wjy;; serves as a structural approximation.

D. JOB-LEVEL RUNTIME PREDICTION
We now assess end-to-end job runtime prediction accu-
racy across all evaluated bandwidth-latency configurations.
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The proposed transport-aware model, combined with the
dependency-aware aggregation described in Section III-G,
is compared against a transport-agnostic baseline. This
baseline estimates job runtime as the cumulative sum of
stage durations, following the aggregation approach used in
prior work [14]. Table 14 summarizes prediction accuracy
across MAE, RMSE, WMAPE, and R? evaluation metrics
for 495 TPC-DS query executions.

Across all evaluated configurations, the proposed
transport-aware model with dependency-aware aggregation
consistently outperforms the transport-agnostic cumulative
baseline in hybrid cloud scenarios. Under low-latency and
high-bandwidth conditions, both approaches achieve high
accuracy. Here, the network effects are limited, and the
primary difference stems from the aggregation strategy.
By accounting for stage parallelism and resource constraints
rather than relying on simple cumulative summation, the
proposed model reduces MAE by approximately 33.17%
even when stage-level prediction differences are small.
At 25.46 ms RTT and 25 Gb/s bandwidth, MAE decreases
from 15.98 s in the cumulative baseline to 4.69 s
with the proposed formulation, while R?> improves from
0.8975 to 0.9916. The RMSE and WMAPE columns in
Table 14 confirm this pattern; in high-latency regimes,
the proposed model yields substantially lower prediction
error than the baseline. In this regime, both improved stage
modeling and dependency-aware aggregation contribute
to the observed gains. The largest differences appear in
bandwidth-constrained scenarios. Under the most challeng-
ing configuration (2 Gb/s, 25.46 ms), MAE is reduced from
28.20 s to 6.54 s, representing a 76.8% reduction in absolute
error, while R? improves from 0.6625 to 0.9858. Even under
low-latency conditions at 2 Gb/s, MAE decreases from
19.37 s to 2.22 s, representing an 88.5% reduction.

Figure 7 illustrates the distribution of job runtime residuals
(predicted runtime minus observed runtime), where the
dashed horizontal line at 0 denotes perfect prediction. The
residuals are grouped into four interpretable bins (0.3-10 s,
10-30 s, 30-100 s, and 100+ s), with the sample counts
(n) for each category indicated on the x-axis. Compared
to the transport-agnostic baseline, the proposed model
produces residuals that are more tightly concentrated around
zero across all runtime bins, in contrast to the baseline’s
pronounced under-prediction tendency for long-running jobs.

The overall prediction characteristics are further exempli-
fied in Figure 8, which provides a side-by-side comparison
of the transport-agnostic baseline (blue) and the proposed
transport-aware model (orange) across all evaluated hybrid
configurations, consolidating 5,445 data points representing
495 distinct query templates evaluated across each of the
eleven network regimes. The diagonal line in the figure
represents perfect prediction. While the baseline shows
significant scattering, the proposed model’s data points are
distributed close to the diagonal line, indicating a strong
agreement between the predicted and observed values. This
alignment is maintained across a wide range of execution
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TABLE 14. Job-level runtime prediction accuracy under varying bandwidth and latency conditions.

Bandwidth | Latency MAE (s) RMSE WMAPE (%) R?
Baseline Proposed | Baseline Proposed | Baseline Proposed | Baseline Proposed

25 Gb/s 0.30 ms 4.40 2.94 9.50 6.58 11.75 7.86 0.9851 0.9928

25 Gb/s 10.49 ms 6.15 3.26 11.07 6.55 14.23 7.53 0.9809 0.9933

25 Gb/s 25.46 ms 15.98 4.69 28.22 8.09 28.99 8.50 0.8975 0.9916

10 Gb/s 0.30 ms 4.56 2.81 9.98 6.14 12.06 7.44 0.9833 0.9937

10 Gb/s 10.49 ms 6.58 3.34 11.96 6.58 15.04 7.63 0.9777 0.9933

10 Gb/s 25.46 ms 16.62 4.94 29.18 8.62 29.78 8.85 0.8917 0.9906

5 Gb/s 0.30 ms 6.77 2.67 16.56 5.97 16.23 6.40 0.9583 0.9946

5 Gb/s 10.49 ms 8.74 3.57 18.42 6.95 18.97 7.76 0.9492 0.9928

5 Gb/s 25.46 ms 17.90 5.17 33.04 9.65 31.28 9.03 0.8628 0.9883

2 Gb/s 0.30 ms 19.37 2.22 53.93 4.63 33.58 3.85 0.7127 0.9979

2 Gb/s 25.46 ms 28.20 6.54 61.90 12.71 41.25 9.57 0.6625 0.9858
- ——— — through steady-state parameters: available bandwidth and
5 %0 =3 Proposed transportaware model round-trip delay. We do not explicitly model transient effects
§ 2 :L such as packet loss, congestion spikes, or jitter. In a real-
; 0 — % == — world setting, packet loss triggers TCP retransmissions and
% 25 H congestion window reductions, which effectively reduce
= s0 throughput below the model’s steady-state assumptions.
% s Similarly, congestion spikes create transient throughput drops
E 100 not captured by the current static bandwidth parameter, and
E s jitter introduces latency variability that primarily affects

0.3-10 10-30 30-100 100+
(n=2062) (n=1481) (n=1145) (n=757)
Observed job runtime bin [s]

FIGURE 7. Job-level prediction residuals by runtime bin: baseline (blue)
vs. proposed (orange) model.

times, spanning from 0.46 s to 659.46 s. Importantly, the
proposed model maintains this accuracy despite the highly
heterogeneous degradation patterns discussed in Section VI,
where some workloads exhibited negligible slowdown while
others experienced degradation exceeding 1000%. Even
under constrained bandwidth-delay conditions, the dispersion
remains limited, and no systematic overestimation or under-
estimation is observed. Larger deviations occur primarily for
short-duration jobs, where fixed overheads and measurement
noise account for a larger fraction of total runtime. Overall,
the close alignment with the diagonal supports the high
R? values reported in Table 14 and demonstrates that the
proposed transport-aware formulation generalizes reliably
across heterogeneous network environments.

VIIl. DISCUSSION

The experimental results highlight several broader implica-
tions for hybrid cloud performance modeling. Network trans-
port must be treated as a primary performance factor in hybrid
environments. When bandwidth is abundant and latency
is low, transport-agnostic predictors can remain reasonably
accurate. However, once the bandwidth-delay product or
throughput saturation dominates, prediction error increases
rapidly. These results indicate that hybrid-cloud performance
cannot be reliably modeled under heterogeneous network
conditions without accounting for transport-layer behavior.
The current framework characterizes the hybrid interconnect
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stages with many small HDFS partition accesses. Micro-
bursting can create short-lived throughput variations that the
static bandwidth parameter does not capture, and shared
WAN links introduce competing traffic that may reduce
available bandwidth below the provisioned rate. In a multi-
tenant environment, if the effective bandwidth at submission
time is measured rather than assumed equal to the provisioned
rate, the model already reflects the current contention level
through its Bjinkx input parameter. The remaining limitation
is bandwidth variability during execution, where contention
changes after the prediction is issued. Incorporating explicit
variables for these transient behaviors remains an objective
for future work.

Stage-level modeling was shown to be an effective
abstraction for prediction in the evaluated setting. Dividing
execution into homogeneous task groups separated by shuffle
boundaries provides a natural structural unit for analysis.
The consistently high stage-level accuracy across different
bandwidth and latency settings suggests that this granularity
captures the dominant performance drivers while remaining
analytically manageable.

Accurate stage-level modeling alone is not sufficient for
accurate job-level prediction. Even moderate stage-level
errors can accumulate when simple cumulative aggregation
is used. Ignoring parallel execution and the critical path
leads to systematic overestimation in our experiments.
The results indicate that combining transport-aware stage
prediction with dependency-aware aggregation is necessary
to achieve consistently accurate end-to-end estimates under
the evaluated hybrid conditions.

The stability of the calibrated coefficients across stor-
age formats and compression strategies suggests that the
model captures general transport behavior rather than
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FIGURE 8. Predicted vs. observed execution times: baseline (blue) and proposed (orange) models across all network regimes.

workload-specific artifacts within the studied benchmark.
At the same time, the restricted-calibration experiment
demonstrates that reliable extrapolation depends on suffi-
ciently diverse calibration data. Calibration should therefore
cover representative bandwidth and latency values expected
in production deployments.

The current scope covers recurring workloads with avail-
able on-premises execution profiles. Ad hoc queries without
prior telemetry are explicitly out of scope (Section III-A).
Streaming workloads are similarly outside scope: fluctuating
ingestion rates and variable data volumes per micro-batch
prevent the construction of stable stage-level execution
signatures from historical data. Within this scope, workload
instability across successive executions of a recurring tem-
plate, such as changes in input data volume or partition
skew, can shift the execution signature away from the last
profiled run. Because the stored profile is refreshed with
each on-premises execution, gradual evolution is tracked
automatically. When drift becomes significant, profile age or
prediction residuals can flag the condition (Section IV-B).
To further extend coverage to highly dynamic or unseen
workloads, one direction is static execution plan analysis:
the physical plan of a new query exposes partition counts,
scan sizes, and stage boundaries that can serve directly as
model inputs without prior execution. Complementary to
this, incremental transfer learning from historical workload
knowledge [36] could further improve prediction accuracy
for previously unseen job types by leveraging similarities to
known workloads. Extending the framework to cloud-native
object stores would require adapting the storage-access
latency model and the TCP connection mapping assumption
to reflect object-store access semantics, and recalibrating
the structural coefficients against the target infrastructure.
Specifically, three structural differences require adaptation:
persistent HTTPS connections reduce the effective inde-
pendent flow count below the active task count, request
multiplexing over shared connections alters the per-partition
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latency accounting in Section III-E, and per-object metadata
overhead introduces additional latency costs not present in
HDFS block reads.

Extending validation to real-world production workloads
is constrained by data privacy and security policies that
typically restrict access to execution telemetry, making
controlled, reproducible experiments infeasible with such
data. The TPC-DS benchmark models the query diversity
and data skew of retail data warehouse workloads at
production scale and is therefore used as a representative
proxy. To support external validation, the complete dataset
and reference implementation will be released alongside the
paper.

The proposed approach represents a middle ground
between purely analytical and purely data-driven methods,
consistent with the Physics-Informed Machine Learning
(PIML) perspective introduced in Section II-C. The frame-
work adopts an inductive bias strategy in two ways: through
analytically derived, physically grounded transport terms that
approximate key network-side mechanisms, and through the
use of NNLS for system identification. The non-negativity
constraint (8 > 0) further restricts the hypothesis space to
physically valid regions and supports interpretable solutions.
In this way, the framework preserves physical interpretability
and extrapolation capability while avoiding per-query pilot
runs. The results indicate that the proposed system identifica-
tion method can provide both generalization and operational
practicality for hybrid cloud performance prediction under
heterogeneous network conditions, supporting offloading
decisions at the moment of job submission.

IX. CONCLUSION
This paper presents a transport-aware performance modeling

framework to support submission-time decision-making for
hybrid cloud bursting in network-constrained environments.
The approach decouples transport effects from application
logic by reusing historical on-premises execution profiles and
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projecting them to hybrid settings through a small set of
physically grounded transport terms.

Across TPC-DS workloads at 1 TB scale, under controlled
network emulation covering diverse bandwidth, latency,
storage format, and compression settings, the proposed
framework maintained high predictive accuracy and demon-
strated generalization beyond the specific calibration setting.
At the job level, combining transport-aware stage prediction
with dependency-aware aggregation substantially improves
accuracy over a transport-agnostic cumulative baseline.
Under the most challenging evaluated configuration, the
proposed framework reduces the MAE of execution-time
predictions by 76.8% (from 28.20 s to 6.54 s), while
increasing R* from 0.6625 to 0.9858.

Several extensions can broaden the scope of the proposed
framework. Evaluating the model under more adverse
network conditions, including controlled packet loss and
latency variability, would further assess robustness beyond
steady-state bandwidth and RTT regimes. Further directions
include adapting the framework to cloud-native object stores,
enabling online recalibration of structural coefficients from
production telemetry, extending coverage to ad hoc work-
loads without prior on-premises profiles, and embedding the
predictor into cost-aware placement policies.
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ABBREVIATIONS
Abbreviation Definition
AQE Adaptive Query Execution.
AWS Amazon Web Services.
CDhpP Cloudera Data Platform.
DAG Directed Acyclic Graph.
ET, Execution Time Degradation.
HDFS Hadoop Distributed File System.
HTB Hierarchical Token Bucket.
JVM Java Virtual Machine.
MAE Mean Absolute Error.
MAPE Mean Absolute Percentage Error.
MIP Mixed-Integer Programming.
ML Machine Learning.
MTU Maximum Transmission Unit.
NNLS Non-Negative Least Squares.
PIML Physics-Informed Machine Learning.
PINNs Physics-Informed Neural Networks.
RDD Resilient Distributed Dataset.
REST Representational State Transfer.
RMSE Root Mean Square Error.
RPC Remote Procedure Call.
RTT Round-Trip Time.
SAN Stochastic Activity Network.
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SASL Simple Authentication and Security Layer.

TCP Transmission Control Protocol.

TLS Transport Layer Security.

TPC-DS  Transaction Processing Performance Council

Decision Support.

TSG Traffic Shaping Gateway.

VIF Variance Inflation Factor.

WAN Wide Area Network.

WMAPE Weighted Mean Absolute Percentage Error.

YARN Yet Another Resource Negotiator.
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