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Kurzfassung

Diese Dissertation widmet sich grundlegenden Problemen, die durch die Verbreitung von
Geräten in zunehmend verteilten Systemen entstehen. Während Ressourcen von zentrali-
sierten Clouds zu einem heterogenen Edge-Cloud-Kontinuum verteilt werden, überlasten
Datenmengen aus Inferenzanfragen und die für das Sammeln erforderliche Telemetrie
die Netzwerke. Bestehende Lösungen können die anspruchsvollen Anforderungen von
Edge-Cloud-Systemen nicht angemessen erfüllen, da sie zu komplex für die Einführung
sind, Ergebnisse liefern, die schwierig zu reproduzieren sind, oder die Grundursachen nicht
behandeln. Wir fokussieren uns auf Methoden, die mit geringem Aufwand erhebliche Ver-
besserungen bei der Integration in bestehende Systeme erzielen. Eine minimal-opinionierte
Referenzarchitektur betont die Kompatibilität mit bestehenden Systemen und die Be-
deutung der Beobachtbarkeit für automatisierte Entscheidungsmechanismen wie die
Terminplanung. Eine strenge empirische Methodik für Machine-Learning-Forschung in
Edge-Cloud-Systemen zeigt die Bedeutung der Einfachheit beim Entwurf von Methoden,
die in komplexen Systemen laufen sollen. Ein Trainingsalgorithmus und ein neuartiger
Wissensdestillationsansatz für aufgabenunabhängige Kompression erreichen erhebliche
Datenratenreduzierungen und übertri�t sogar die konkurrenzfähigsten Baseline-Verfahren.
Das Grundmodell besteht aus einem Encoder mit nur 140.000 Parametern und ist e�zient
genug, dass die Latenzstrafe durch den Kodierungs- und Dekodierungsoverhead mehr als
durch die reduzierten Übertragungskosten ausgeglichen wird. Eine Erweiterung behandelt
Netzwerke, in denen Konnektivität nur intermittierend verfügbar ist und Durchsatz bevor-
zugt wird, wodurch das herunterladbare Datenvolumen um über zwei Gröÿenordnungen
erhöht wird. Schlieÿlich verbessert eine Methode, die Algorithmen zur Konstruktion sta-
tistischer Zusammenfassungen für die Überwachung erweitert, deren Kodierungse�zienz.
Die Erweiterung erhält nachweislich die zugrunde liegenden mathematischen Garantien
des Basisalgorithmus und die Kompatibilität mit bestehenden Systemen.

Zusammen scha�en die Beiträge eine prinzipielle Grundlage für skalierbare, transparente
und kodierungse�ziente Systeme, die nur die wichtigsten Informationen unter strengen
Beschränkungen für neue Paradigmen im verteilten Computing wiederherstellen und
übertragen.
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Abstract

The thesis concerns fundamental problems that emerge from the proliferation of devices
in increasingly distributed systems. As resources migrate from centralized clouds to a
heterogeneous edge-cloud continuum, payloads from inference requests and telemetry
required for monitoring overwhelm networks. Existing solutions cannot adequately
meet the demanding requirements of edge-cloud systems as they are too complex for
adoption, report results that are virtually impossible to reproduce, or do not address
root causes. We follow a strict bottom-up approach, focusing on simple methods that
yield signi�cant improvements with little e�ort to integrate into existing systems. A
minimally opinionated reference architecture emphasizes legacy compatibility and the
importance of observability for automated decision mechanisms, such as scheduling. A
rigorous empirical methodology for Machine Learning research in edge-cloud systems
demonstrates the importance of simplicity when designing methods that are expected to
run in complex systems. A training algorithm and novel knowledge distillation approach
for task-agnostic compression achieves signi�cant rate reductions, outperforming even
the most competitive baseline. The base model consists of an encoder with just 140,000
parameters and is e�cient enough for the latency penalty from the encoding and decoding
overhead to be more than o�set by the reduced transmission costs. An extension handles
networks where connectivity is only intermittently available and throughput is favored,
increasing downlinkable data volume by over two orders of magnitude. Finally, a method
that augments algorithms for constructing statistical summaries for monitoring improves
their coding e�ciency. The augmentation provably maintains the base algorithm's
underlying mathematical guarantees and compatibility with legacy systems.

Together, the contributions establish a principled foundation for scalable, transparent,
and coding-e�cient systems that recover and transmit only the most salient information
under stringent constraints for emerging paradigms in distributed computing.
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CHAPTER 1
Introduction

Mobile data tra�c is growing with an annual rate of more than 15% and is expected to
double by 2030, with 5G subscriptions alone projected to reach 6.3 billion [Eri25]. The
surge in bandwidth demand underscores the fundamental trade-o�s between communi-
cation cost, latency, and information �delity, motivating new frameworks for inference
in distributed systems. In particular, e�cient data transmission and reliable recovery
of salient information are indispensable for semi- or fully decentralized platforms with
resources organized in hierarchical networks.

1.1 Motivation

The increased data availability, specialized hardware, and algorithmic advancements
have elevated Arti�cial Neural Networks (ANNs) as an enabler for numerous problem
domains. As foundational models become more reliable, platforms can accommodate
a wide range of applications using existing cloud infrastructure. When applications
are latency sensitive, computation may be pushed to mobile clients at the network's
edge by applying model compression methods, such as quantization [JKC + 18, LHC+ 24],
and knowledge distillation [GYMT21 , WY22]. Problems arise when there are stringent
constraints on the solution quality and request completion times [Sat17]. The edge-cloud
continuum addresses the limitations of cloud and edge computing by organizing resources
hierarchically in a distributed network ranging from constrained edge devices to cloud
data centers [DPD22]. The paradigm promises increased resource e�ciency and meets
the requirements of even the most demanding applications with the same convenience for
client programmers as public cloud computing service providers. A basic requirement
is observability since automated decision mechanisms, such as orchestrators and load
balancers, cannot function without information on the constantly updating system states.
Observability requires extracting telemetry from an increasing number of devices. For
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1. Introduction

example, the EU Rolling Plan for ICT standardization predicts that by 2030, 50 billion
connected devices worldwide will be in use, generating zettabytes of data [Com25].

1.2 Problem statement

While walled garden edge-cloud o�erings exist for select services [XFM + 21], semi- or
fully decentralized platforms still have to emerge [NRF+ 22, RD21]. We identify the data
volume generated by ANN inference requests and required by monitoring services as the
primary inhibitor for scalability. Therefore, the thesis is concerned with the fundamental
problem of managing the accelerating bandwidth costs as systems become increasingly
distributed. The challenges it addresses are motivated by basic requirements of a semi-
or fully decentralized platform [RRFD23]. We refer to a platform as a system of systems
where clients can indiscriminately deploy their applications. The platform handles scaling
and managing the underlying hardware infrastructure. Platforms may exploit locally
available resources at end devices, fog nodes from telecommunication providers, or source
existing infrastructure from third parties, such as VMs hosted in data centers from public
and private cloud services [RLF + 20]. Client programmers enter contracts with platforms
based on application requirements. The contracts are typically expressed as Service Level
Agreements (SLAs) and consist of multiple Service Level Objectives (SLOs)[NMP + 20].
Beyond providing a reference architecture, we do not pile onto the countless studies
that introduce opinionated suggestions on implementation details, advocate going in a
certain direction, or solve toy placement and scheduling problems. Instead, the thesis
views the problems through the lens of anoperator of a distributed platform. The
operator represents a collective of engineers and system designers tasked with building
the platform.

The thesis empathizes with the operator and does not wish to further burden them
with fantastic ideas or over-engineered systems accompanied by elaborate diagrams. It
acknowledges that, stripped of all complexity, obfuscation, and mysticism, the edge-cloud
compute continuum is an exercise in system integration. A simple problem, yet arguably
the most ambitious paradigm of a distributed system. Worthwhile contributions must be
bottom-up, easily adoptable, and enable the emergence of such platforms. Accordingly,
the thesis makes minimal assumptions about the system design and components of the
platform. The following brie�y describes the components and challenges we address
within the thesis's scope. In-depth technical explanations are deferred to later chapters.

1.2.1 Data Compression

While building a compute continuum is an exercise in system integration, scaling it
is primarily problem in data compression. To signi�cantly reduce data volume, lossy
compression algorithms are required as perfect reconstruction of the input is needlessly
strict. The challenge is to design algorithms that aresemantically lossless, focusing on
salient information and keeping the overhead to recover context minimal. The following

2



1.2. Problem statement

elaborates on what semantic losslessness implies for the two system components and their
respective modalities considered in the thesis.

Distributed Inference Engines Inference Engines are APIs that client programmers
can call for intelligent tasks. We refer to intelligent tasks as problems where classical
control structures cannot provide solutions tractably or with su�cient precision [ FBB + 23].
Operators may easily ful�ll prediction performance-related targets by o�oading requests
to cloud-style data centers. However, exclusively relying on o�oading leaves resources at
or close to the device idle, forcing application instances to compete for bandwidth. A
popular approach is partitioning ANN inference by deploying partitioned models across
the network [WL23]. This may solve memory challenges without degrading prediction
performance using quantization, but its applications are limited when the primary concern
is latency, and it is impractical to adopt for platforms.

At the application layer, the dominant modalitiesies are visual, such as video feeds
generated by camera sensors [Cis20]. Transform coding is the commonly used framework
for lossy compression. Using rate-distortion theory, the objective is to �nd the number of
bits (bitrate, or rate) to store an encoded representation to restore it according to a set
distortion constraint [ Sha59]. Here, semantic losslessness refers to a distortion constraint
that empirically quanti�es whether we hit the prediction quality-related SLO.

Monitoring & Data Analytics Statistical summaries of distributions are a fundamen-
tal building block in data analytics and monitoring system states [TMN20]. Monitoring
the system state to pass enough information to an orchestrator is particularly taxing
on infrastructure. A distributed platform where local resources may be scarce increases
the importance of an accurate scheduler while making it more challenging to sched-
ule accurately. Compared to a centralized platform, federations are less demarcated,
dropouts are more frequent, hardware is less standardized, and networks are more hetero-
geneous [Rau21]. Irrespective of how well a scheduler may work in sterile benchmarking
environments, it will always be limited by the quality and recency of the information on
which it can base decisions. Platforms must also o�er monitoring and analytics services
to clients for their applications. Assuming a central entity with a fully observable system
state by aggressively extracting telemetry is not feasible, as bandwidth is already scarce
to serve requests due to application payloads. For example, with a research extension for
Geo-Distributed Kubernetes, centrally collecting status information from 500 clusters,
each hosting only asingle worker and control plane node, was shown to incur a monitor-
ing and tra�c overhead of 230 Mbit/s for the centralized data collecting [ HP24]. Note
that this �gure involves only resource-level metrics and does not consider more detailed
application-level probes.

For telemetry and monitoring, the modality is univariate data streams. TC is unsuitable
for this modality, since the data must be processed during ingestion in at most small
bu�ered chunks [WM15]. Instead, the principled approach to lossy compression of streams
is creating summaries using sampling and sketch algorithms [CY20]. The thesis considers
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1. Introduction

the class of algorithms with strong guarantees [CV20], so semantic losslessness refers to
provably maintaining equivalent guarantees.

1.2.2 Operational Challenges

Operational challenges in this thesis refer to the e�ort required to support a particular
application type and to adopt a method that enables or further improves the e�ciency
of its associated deployment style.

Server-Side Transparency and Compatibility

As seamless integration is a primary concern in the compute continuum, methods that
maintain server-side transparency are invaluable. When transparency is strict, operators
can use existing legacy infrastructure without implementing modi�cations and rules for
each service, client application, or subsystem.

Figure 1.1 illustrates a generic scenario where the operator maintains three sizes from
the same model family, each associated with a di�erent cost and expected accuracy.

Figure 1.1: SLO-aware Load Balancing.

The load balancer aims to meet the latency and prediction accuracy SLO target for two
client applications and keeping the platform's cost down. The platform can trivially
meet the accuracy target by routing all requests to the largest model. It may manage
peak hours and keep costs down with a more informed strategy without breaching SLAs
by temporarily routing requests to smaller models. Now, assume an operator wishes
to improve resource e�ciency by drawing from local resources where possible. Assume
operators apply a common approach to the above-discussed ANN partitioning that
requires �netuning the deeper layers deployed at the server [FRD24]. Since end devices
may not have the resources for local computation, operators must maintain two sets of
weights to route requests to the �ne-tuned or �netunedights conditionally. Expecting an
operator to maintain multiple versions of the same architecture for modest e�ciency gains
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1.2. Problem statement

is unreasonable. Clearly, methods intended to solve problems concerning the edge-cloud
continuum must aim for transparency and compatibility with existing infrastructures.

Next, consider that platforms must extract telemetry for application analytics or system
monitoring. Figure 1.2 illustrates an operator integrating the monitoring services of their
platform seamlessly using existing infrastructure.

Figure 1.2: Extracting Telemetry for Monitoring.

This is only possible when relying on the same algorithm to create statistical sum-
maries [CY20, WM15, GZR23]. As devices and applications proliferate, operators may
need to �nd novel algorithms that can reduce bandwidth requirements instead of reducing
the data resolution. However, operators must progressively introduce modi�cations and
special rules if the algorithms break server-side transparency.

Performance-Critical Applications

An application is performance-critical when it requires state-of-the-art prediction perfor-
mance from large models. Operators can support various applications using foundational
models. A foundational model may be a feature extractor where clients upload a small
dataset to tune predictors, or supports numerous tasks without requiring additional data.
Figure 1.3 exempli�es the former.

Either way, end-deviceso�oad requests to remote servers where resources are seemingly
horizontally scalable.

Latency-Sensitive Applications

An application is latency-sensitivewhen milliseconds determine the di�erence between
an acceptable and unacceptable user experience. For example, Augmented Reality (AR)
applications require less than 16 milliseconds to achieve perceptual stability [HCH+ 14].
For such applications, operators may push computation to end-user devices as illustrated
in Figure 1.4.
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1. Introduction

Figure 1.3: Operator maintains foundational models and handles horizontal scaling.
Clients supply datasets to support their applications.

Figure 1.4: Clients provide the model for their application. Operator handles optimization
and deployment to end-devices with varying properties

Since the local resources of end-devices are constrained, it is necessary to compress and
optimize the model for the target hardware [DLH + 20]. Managing model optimization
and deployment for clients incurs signi�cantly more operational overhead than processing
requests server-side with foundational models. End-user devices1 are less predictable and
more heterogeneous than data center hardware. Vendors have varying support for the
underlying operations of ANN architectures and maintain di�erent, often proprietary,
software stacks for optimization. The NVIDIA Jetson device lineup has TensorRT, Intel
CPUs are surprisingly potent for ANN inference with OpenVINO, and ApacheTVM
search heuristic is a powerful default option for arbitrary edge devices without dedicated
software support [FWR+ 25].

Performance-Critical and Latency-Sensitive Applications

Most challenging are application types that are latency-sensitiveand performance-critical.
The deployment strategy is a combination of the previous two operators must install edge
servers or provision fog nodes near clusters of end-user devices. Such servers may have
high-end hardware analogous to data centers, but horizontal scaling is limited. During

1End-user devices may also refer to small devices in proximity to the application host.
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1.2. Problem statement

peak hours, schedulers must carefully decide which requests can temporarily be rerouted
to more remote servers without breaching SLAs. Without mitigation strategies, the
limited bandwidth will inevitably result in network congestion whenever numerous clients
cluster. For platforms to scale in such situations, they require fast methods to reduce
transmission costsand request latency, irrespective of where the request is routed. The
challenge is to design lightweight encoders that can signi�cantly reduce transmission
costs by exploiting local resources while maintaining prediction quality constraints on
downstream tasks. This strategy corresponds to the distributed inference engine, which
we will illustrate and elaborate on in later chapters.

1.2.3 Research Questions

Three overarching research questions drive the thesis.

RQ1. How can we design (I) Methods and (II) Experiments for Machine
Learning Research in Edge-Cloud Systems? Evaluating rate-distortion perfor-
mance is straightforward with standardized benchmarks, such as Kodak[Fra99] and
CLIC [ TST+ 20]. However, designing methods and experiments yielding meaningful
empirical evidence on e�cacy in Edge-Cloud systems under real-world conditions has
two distinct challenges.

1. What is the real gain for operators when implementing a proposed method?Channel
conditions and hardware are highly heterogeneous and progressively advancing.
Experiments for data-driven compression algorithms that learn nonlinear transforms
using ANNs must consider the increasingly diverse landscape of special-purpose
accelerators [SICM23]. Even when hardware has comparable speci�cations, vendor-
locked software optimization often leads to incomparable performance in real-world
runtime environments.

2. How can operators assess the adverse e�ects of lossy compression for downstream
prediction? Conventional reference-based metrics from image compression, such
as Peak Signal-to-Noise Ratio (PSNR), Multi-Scale Structural Similarity Index
Measure (MS-SSIM), or Learned Perceptual Image Patch Similarity (LPIPS), cannot
provide conclusive evidence on whether an algorithm reduces the performance of
prediction models on unknown tasks.

RQ2. What approach exploits local resources best to (I) transparently
meet the requirements of (II) latency-sensitive and (III) system-critical
applications? End-user devices are increasingly equipped with powerful special-purpose
hardware that we aim to exploit to meet the requirements of demanding applications.
From the problem statement, we derive the three requirements to assess whether an
approach makes the best use of locally available resources

7



1. Introduction

1. How high is the operational burden on the operator and how much knowledge on
client tasks is required? We seek methods that generalize to (near-) arbitrary
tasks with minimal assumptions on their properties. Competitive methods are
self-supervised and function without access to a labeled dataset. They exhibit
strong results on tasks without seeing the testand train set. Their adoption should
require minimal operational overhead, for example, bynot introducing complex
runtime systems or �netuning large foundational models.

2. Under what conditions does the encoding and decoding latency penalty outweigh
the transmission cost reduction? Hardware and channel properties determine the
conditions. The more constrained the hardware and the less constrained the
channel, the more challenging it is to reduce request latency through compression.
A competitive method will yield lower request latency even for lower-end user
devices in urban environments with developed and highly available infrastructure.
When connectivity is only sporadic or in �xed intervals, the priority is on processing
throughput.

3. Is the data integrity preserved? Substantial reductions in data volume require intrin-
sically lossy methods. Accordingly, we must determine whether salient information
is preserved. Human interpretability is an implied requirement, even if the primary
criterion is the performance of downstream prediction. Client applications may
need to store imagery when ANNs are used for decisions. Especially when human
costs are involved, review and intervention by human experts must be possible.
Note that this requirement is distinct from perceptual quality, which focuses on
realism [The24, BM19, BM18].

RQ3. What are (I) suitable approaches to construct statistical summaries,
and (II) can we improve their coding e�ciency without breaking server-side
transparency? Unlike RQ2, this RQ concerns data volume generated to support the
underlying systems and services, not the applications that turn on them.

1. What are suitable algorithms to construct statistical summaries in heterogeneous
environments? Here, heterogeneity refers to the statistical properties of telemetry
resulting from hardware and application properties. An algorithm must handle
a large data stream with minimal assumptions on input properties and construct
summaries that operators and clients can trust to base decisions on.

2. Can we improve the coding e�ciency of existing summarization algorithms without
breaking server-side transparency?Maintaining compatibility with existing systems
requires strict server-side transparency. The challenge is to improve existing
algorithms encoding or serialization logic that maintains compatibility with server-
side decoding or deserialization.

8



1.3. Methodology & Contributions

1.3 Methodology & Contributions

The research questions closely align in their objective, but adequately answering them
requires varying methodologies. Our studies are predominantly empirical, drawing
from image compression that benchmark rate-distortion performance on standardized
datasets [YMT23 ], complemented with typical methodologies from systems research to
assess the system's e�cacy in real-world environments [RRP+ 22]. Still, we perform
extensive theoretical analysis where safety guarantees are necessary. In answering the
research question, we contribute architectures, frameworks, algorithms, and complete
systems. The core contributions are novel and designed from the ground up to address
problems of the compute continuum. They signi�cantly progress the state-of-the-art,
not just in isolated use cases with over-optimized implementations, but as general
approaches in their corresponding problem domain. Limitations and open problems
remain, which are transparently discussed. We ensure reproducibility by extensively
describing our experiment designs, open-sourcing the accompanying code, and the
experiment frameworks. Indeed, at the time of writing, studies that reproduce results and
use the published methods included in the thesis as baselines have already emerged [ZC25,
FLW + 25].

The following summarizes the thesis in four main contributions, each mapping to open
challenges and the research questions. The thesis structure follows the contributions
enumeration. C1. provides the high-level context of the problem statement and RQs.
C2 maps to RQ1, C3. to RQ2, and C4 to RQ3.

C1. A Complete Reference Architecture for a Hybrid Distributed Platform
ANN inference workload has special treatment as specialized hardware accelerators are
integral to every computational tier. However, the de�nition of intelligence as a means
to solve problems unfeasible for classical control structures is not limited to classical ML.
Since the architecture aims to be acompletereference, it acknowledges the importance of
quantum chips as a new class of specialized hardware. Analogous to mobile accelerators
for ANNs, the architecture enables applications to exploit (mobile) Quantum Processing
Units (QPUs) for an orthogonal class of intelligent tasks, and to enhance the solution
quality or e�ciency of ANN inference.

We draw parallels between past work on edge intelligence in classical computing and
integrating quantum resources into hybrid systems. We elaborate on monitoring, detailing
the levels of observability necessary for schedulers to cope with the complexity in a
distributed platform. Lastly, we discuss solution approaches for distributed inference
engines. The contribution provides the overarching context that motivates the core
contributions. At the time of writing, the corresponding publication [ FBB + 23] is one of
the most viewed and cited documents within all proceedings of the conference where it
was presented2.

2https://ieeexplore.ieee.org/xpl/conhome/1847584/all-proceedings/popular
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1. Introduction

C2. Designing and Evaluating ML Methods in Edge-Cloud Systems Graph
compilers that optimize computational graphs of neural networks can improve latency
or throughput by orders of magnitude without loss in prediction performance. This
contribution shows that it is crucial to understand how graph compilers can invalidate
relative performance di�erences between architectural archetypes of neural networks.

We introduce a framework to utilize such tools for designing, implementing, and de-
ploying experiments in research for Edge or Edge-Cloud systems that rely on neural
components [FWR + 25]. We perform a comprehensive empirical analysis across vary-
ing architectural families on a heterogeneous physical testbed. We demonstrate how
vendors prioritize optimizing di�erent layer compositions using vendor-agnostic and
vendor-speci�c graph compilers. While the corresponding study of this contribution was
conducted and published towards the end of the thesis, we could see how architectural
types see varying degrees of support from preliminary results. Accordingly, we focus
on fundamentals, such as training objectives, and deliberately follow a simple encoder
design, using widely supported layers.

C3. End-to-End Systems for Neural Feature Compression We introduce Shal-
low Variational Bottleneck Injection (SVBI), which dedicates local resources exclusively
to compression. The encoder achieves considerable rate reductions and is task agnostic.
Operators may deploy a single encoder to end-devices and support arbitrary network
architectures for downstream tasks. Server-side transparency is maintained by not requir-
ing labeled datasets or �netuning foundational models. Meaningful theoretical analysis of
compression algorithms with non-trivial sources in complex systems is not feasible. Hence,
studies are empirical, and multiple publications are associated with this contribution
to provide su�cient evidence. The initial work introduces the general approach and a
novel distillation algorithm [ FRD24]. It exhaustively evaluates on standardized datasets
and request times under varying channel conditions. Besides requiring only a single
encoder and maintaining server-side transparency, it signi�cantly outperforms the then
state of the art in split computing. A follow-up considers the opposite extreme, where
data is generated at the space's edge rather than in urban environments [FZR+ 25],
addressing the downlink bottleneck in satellite computing, where network connectivity
is only intermittently available. It extends SVBI to improve compression performance
and introduce image recovery components. Evaluation of satellite imagery from several
datasets shows that the system increases downlinkable data volume by two orders of
magnitude.

C4. Transparently Improving the Coding E�ciency of Statistical
Summaries

The contribution concerns randomized online quantile approximation with strong guaran-
tees for e�cient data transmission and persistence in distributed systems. While existing
research has primarily focused on minimizing in-memory representation size [CV20],
optimizing their encoding has seen little attention.
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1.3. Methodology & Contributions

We extend the comparison-based computational model with a communication model
that enforces receiver-side transparency to ensure compatibility with legacy systems. A
veri�cation procedure formally maintains the strong underlying mathematical properties.
We introduce a principled method for augmenting existing algorithms that yield optimal
codeword length with virtually no overhead to the core summarization procedure and
strictly maintain server-side transparency. Additionally, we generalize the approach to
jointly encoding locally available summaries. Extensive experiments supplement the
formal analysis to demonstrate the e�cacy of augmented algorithms, with further gains
in coding e�ciency when jointly optimizing sequentially constructed summaries.
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CHAPTER 2
A Reference Architecture for the

Edge-Cloud Continuum

This chapter introduces an architecture that provides an overview of deployment strategies,
focusing on the inference engine, and explaining the importance of telemetry in edge-cloud
systems. The architecture is minimally opinionated, follows established best practices,
and is considerate of what the software architecture research community is familiar
with. The novelty is the integration of quantum resources and the more thought-out
components to provide schedulers with su�cient observability.

2.1 Integrating and Provisioning Resources in Hybrid
Compute Platforms

Deploying edge applications on mobile quantum devices is approaching with the recent
advancements of diamond-based QPUs [Gmb] that allow quantum computation at room
temperature [Ltd23]. Hence, quantum computers may become widely available for
individuals and organizations.

2.1.1 Introduction

Noisy intermediate-scale quantum (NISQ) computers are error-prone, contain only a
limited number of qubits, and impose restrictions on the depth of successfully executable
circuits [LB20]. Yet, algorithms tailored towards NISQ devices started to demonstrate
the viability of quantum computers in various �elds, ranging from molecule simula-
tion [GEBM19] to machine learning [CVH+ 22] and optimization problems [CK19]. Ev-
idently, to advance research and development into practical applications of quantum
algorithms, increasing the accessibility of quantum computers by introducing adequate
abstractions is e�ective. Owing to the limited availability, complexity, and cost of QPUs,
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quantum computation for the masses may currently only be viable through cloud services
that can hide the low-level machinery behind a convenient interface. However, while
cloud providers can decrease the complexity and cost, we cannot exclusively rely on the
e�orts of hardware manufacturers to increase the accessibility of resources by simplifying
the production and installation of QPUs. Instead, we must draw from our experiences in
classical computing on the long-term limitations of relying exclusively on centralized pub-
lic cloud platforms. Besides the privacy-related risks of entrusting third-party providers
with sensitive data, the cloud computing paradigm bears numerous downsides, such as
vendor lock-in and data centers posing a single point of failure vulnerable to outages.
Additionally, a narrow cloud-centric view is ine�cient, leaving resources closer to the
client idle by indiscriminately o�oading tasks to remote data centers.

The edge-cloud continuum addresses the limitations of cloud computing by organizing
resources in a hierarchical distributed network ranging from constrained edge devices to
cloud data centers. After decades of relying on centralized architectures, the transition
is slow, with semi- or fully decentralized platforms still needing to emerge [NRF+ 22,
RHS+ 21a, RRFD23]. The chapter elaborates on the potential of edge-cloud continuum
for classical and quantum computing while explaining the interplay of numerous classical
components a system must stitch together into a cohesive unit. We design a complete
reference architecture for a distributed hybrid platform that can automate orchestrating
hybrid applications. For components most relevant to the thesis, we describe key
implementation challenges and possible solution approaches. The focus is on exploiting
hybrid resources from a hierarchical network and explaining the problems not covered in
the literature on classical computing when integrating numerous classical and quantum
components into one cohesive unit.

2.1.2 Background & Related work

Cloud-centric platforms have paved the way for cost-e�cient and large-scale applications
to be accessible to the public. However, the emerging edge-cloud continuum accentuates
the drawbacks of centralized architectures. Promising application paradigms, such as Edge
Intelligence [DZF+ 20], heavily rely on the edge-cloud continuum and require autonomous
management over the large and heterogeneous system. The success of these applications is
tied to available platforms that need to support developers in designing, writing, testing,
deploying, and managing them. This section introduces concepts fundamental to our
architectural vision and summarizes related work.

Orchestration

The services of centralized platforms that provide access to quantum computers can
be combined with classical applications. For example, Amazon o�ers event-based pro-
cessing for its quantum o�erings. This forces practitioners and researchers to build
hybrid applications by manually combining separate quantum and classical components.
They are further burdened with selecting di�erent QPU technologies, devices, and com-
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pilers [GARV + 21]. Despite quantum applications consisting of classical and quantum
components, they follow the same framework as classical computing in dividing orches-
tration into work�ow technologies managing control �ows, and provisioning technologies
handling the deployment of application components [WBLZ21]. Hence, we can reduce
infrastructure complexity by extending existing systems to support quantum applications.
Wild et al. present Tosca4Q, which extends Tosca to support workloads relying on
quantum computers [WBH + 20]. Weder et al. introduce Quantum Application Archives
(QAAs), allowing orchestration methods to treat quantum applications as self-contained
entities [WBLZ21]. Later, Leymann et al. propose extending QAAs through a mar-
ketplace, with an architecture for a collaborative software platform to consider the
development process [LBF+ 20].

Quantum Platforms

Several cloud o�erings provide access to Quantum Computing as a Service (QCaaS), but it
is burdensome to integrate managed quantum services cohesively into classical applications.
Garcia-Alonso et al. [GARV + 21] present their proof-of-concept implementation of a
Quantum API Gateway, recommending a quantum computer target to run a given
quantum application for Amazon Braket1. Beisel et al. [BBG+ 23] proposeQuokka, a
microservice-based framework to model and deploy quantum work�ows. They propose
a set of microservices that model the typical quantum work�ow based onVariational
Quantum Algorithms (VQAs) [CAB + 21]. This work�ow comprises circuit generation,
execution, error mitigation, objective evaluation, and parameter optimization. The
advantage of the approach is the complete decoupling of pre-processing, execution, and
post-processing that follows a �exible work�ow de�nition. Salm et al. [ SBB+ 20] present a
concept that automatically handles the analysis of quantum algorithms and the selection
of quantum computers. Grossi et al. [GCA+ 21] build a prototypical platform inspired by
Serverless Computing through which quantum developers can deploy their applications.
They employ a scheduler that focuses on queue management and result retrieval. Leymann
et al. [LBF + 20] propose an architecture for a collaborative software platform for quantum
applications that encompasses the development process and deployment aspect through
a marketplace for quantum applications.

The studies so far have shown how platforms can enhance collaboration, improve the
development of applications, and simplify deployment aspects, such as dynamically
selecting an adequate quantum computer. Extensions, such as modeling serverless
applications [WBK + 18, WBH + 20], to edge-cloud systems are required to realize the
seamless integration of resources in a hierarchical network.

Serverless Edge Computing

A key problem of edge-cloud applications is the autonomous orchestration of applications
that exploit resources at di�erent tiers in the network [ DZF+ 20]. Manual management is

1https://aws.amazon.com/braket/
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infeasible in these large-scale and geo-distributed infrastructures, so a platform that can
autonomously manage application deployments is required.

Serverless Edge Computing is the extension of Serverless Computing that abstracts the
underlying infrastructure and transparently deploys applications packaged as functions
across edge-cloud systems [ATC + 21, NRF+ 22]. We argue that autonomous management
and simpli�ed application development and deployment are enablers of the emerging
quantum computing paradigm. Nguyen et al. [NUB24] present a holistic serverless
platform that supports classic, quantum, and hybrid applications. Conversely, we envision
a platform that spans the edge-cloud continuum and manages application deployments
across heterogeneous infrastructures. The increased complexity stems from the composed
applications and the sophisticated and �ne-grained monitoring.

Task Partitioning

Task partitioning in classical edge computing and quantum computing are two distinct
research areas that address orthogonal problems. Still, they share a common motivation
in dividing a task into subtasks executable by geo-distributed nodes to handle resource
limitations or increase resource e�ciency.

Partitioning in classical edge computing concerns distributing load for resource e�-
ciency [LLJL19]. In quantum computing, splitting tasks between classical and quantum
nodes is necessary for near-term applications to cope with the limitations of NISQ
devices [LB20], and most common hybrid classical-quantum splitting patterns assign
�xed roles to components [WBLV21a]. Patterns for quantum computation are typically
designed to execute a particular class of algorithms and do not consider applications where
a quantum algorithm is just one of several subtasks [WBLV21b ]. As the limitations of
quantum computation will gradually diminish, a platform should be able to accommodate
new emerging patterns. Further, for near- and long-term QPUs, the platform should
dynamically adjust the workload between quantum and classical nodes according to
target Service Level Objectives (SLOs), internal and external conditions, such as load
and bandwidth, respectively.

Variational Quantum Algorithms Variational Quantum Algorithm (VQA) is a
generic framework for optimizing the parameters of a quantum circuit on a classical
computer [CAB + 21]. Depending on the target task, we can derive more speci�c algorithms,
such asVariational Quantum Eigensolver for approximating the lowest eigenvalue of
a matrix [ TCC+ 22] or Quantum Approximate Optimization Algorithms (QAOAs) to
approximate the solution of a combinatorial optimization problem [SA19]. Another
notable instance of VQAs isQuantum Neural Networks (QNNs), which aim to improve
the representation of classical neural networks with embeddings in the Hilbert space.
Note, in literature, the distinction between VQAs, Quantum Machine Learning (QML),
and QNNs is blurry; thus, for clarity, we refer to QNNs as models that are built and
trained for typical ML tasks, such as Feature Extraction, Regression, or Classi�cation.
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Warm-Starting The term warm-starting is ambiguous due to its widespread usage in
classical and quantum computing. For example, it may refer to techniques that reduce
resource usage in machine learning and optimization [AA20]. In classical serverless
computing, warm-starting typically relates to methods for preparing execution environ-
ments, such as reusing running containers [MEHW18]. For the remainder of the thesis,
warm-starting refers to a general strategy for partially computing or preparing a quantum
algorithm's output on auxiliary devices. Notably, warm-starting methods are not limited
to classical-to-quantum and may be quantum-to-quantum or quantum-to-classical.

Hybrid classical-quantum systems can bene�t from various warm-starting methods that
utilize previously obtained solutions, approximations, or trained models [TBB + 24]. For
example, following the assumption that optimal variational parameters for similar problem
instances solved with VQAs are in proximity, parameters can be transferred between
instances as an initial point to warm-start from and improve upon [GLL + 21]. Moreover,
approximations that are cheaply generated by e�cient classical algorithms can be utilized
to initialize quantum circuits with a quantum state biased towards potential solutions
rather than starting from a neutral initial state [ EMW21]. On the other hand, QNNs
can bene�t from pre-trained models through transfer learning, i.e., adapting a classical
or hybrid model trained for a general task and training it further to tackle a similar or
more precise subtask [MBI+ 20].

As these warm-starting methods comprise a source algorithm from which information
is drawn and a target algorithm that is enhanced with it, it indicates potential ways of
distributing both classical and quantum computational e�orts in the continuum.

Depth and Widthwise A(Q)NN Partitioning In classical computing, depth or
widthwise partitioning refers to whether layers are split horizontally and vertically.

Figure 2.1: ANN Processing Flow

Figure 2.1 illustrates the width and depthwise execution of classical ANNs. Methods that
split horizontally typically aim to facilitate resource e�ciency by distributing layers across
several devices. It increases resource e�ciency, but does not lend itself to. Splitting layers
vertically implies distributing cut-out chunks of a neural network, for example, across
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channels in a block of convolutional layers. It can overcome the memory limitations of
mobile devices. Moreover, it may alleviate batch-width frictions, which Chapter 3 will
discuss.

In quantum computing, depthwise partitioning may refer to stacking QNN circuits to
mitigate cascading gate errors and accumulating noise during training [BF20]. Conversely,
widthwise partitioning facilitates parallelization by horizontally splitting a layer or circuit.
Quantum circuit cutting concerns address some limitations of NISQ devices by partitioning
larger circuits into several smaller subcircuits [BBL + 23]. Classical widthwise ANN
partitioning is less common since accelerators parallelize the execution of layers. Still, in
highly constrained environments without access to server-grade hardware, methods such as
parallelizing �lter computation of convolutional layers across devices are sensible [ZBG18].
Classical depthwise and quantum widthwise partitioning are essential for inference engines
in distributed platforms, and select approaches are detailed in Section 2.2.7. The following
�rst introduces the platform architecture.

2.2 Architecture Design

2.2.1 Architecture Planes

The architecture di�erentiates between four planes according to their function and
intended interaction with other components, clients, or client programmers. Each plane
exposes private or public APIs. Private APIs are only accessible by internal components,
whereas public APIs are accessible by external entities, such as client applications.

Execution Plane Application instances run on the execution plane. It consists of
Public APIs, Hardware Hosts, and Worker Clusters. The public APIs allow clients
to interact with the application via access points. The hardware hostsare subdivided
according to the supported application types, namely into classical and quantum nodes.
The quantum hosts are further subdivided according to their grade, i.e., QPUs are
server-grade and MQPUs are mobile-grade. Figure 2.2 illustrates component organization
and interaction.

The classical hosts additionally subdivide to consider ANN workloads. Each node is
registered by the device registry that associates data describing their capacity, such as
memory size, VRAM, or qubits, and stores it in the metadata storage. The metadata
storage is a highly available key-value storage, such as ETCD2 used in Kubernetes,
accessible by other components. Especially for the continuum, where nodes can arbitrarily
join and leave the system, the metadata must be highly available and not remain stale
to measure the system's overall capacity accurately. TheWorkers consist of at least
one hardware host and represent the application environments that may rely on one
or multiple hardware nodes. Since quantum and classical environments are separate, it
is necessary to distinguish between classical and quantum worker clusters. Quantum

2https://etcd.io/
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Figure 2.2: Execution Plane

applications require classical workers for auxiliary tasks, such as pre-processing and
measurement. Once a worker completes a task, the classical part is responsible for
forwarding the result. Intermediate results may be forwarded to another worker cluster
when tasks are partitioned. The �nal result is forwarded to the client. Telemetry tools
send data to the monitoring system by accessing private APIs of the Provenance Plane.

Provenance Plane The Provenance Planeencapsulates a highly available distributed
Provenance database through which real-time monitoring data is stored and shared. It
consists of aQuantum Provenanceand a Classical Provenancesystem, o�ering private
APIs to access and store data. It is crucial to design methods that consider the intrinsic
properties of QPUs to create reliable and predictable systems for quantum workloads.
Error rates vary depending on a QPU's current state, so exclusively collecting classically
relevant data, such as load, for quantum and hybrid applications is insu�cient to ensure
SLOs with solution quality targets are ful�llable. Classical monitoring for a platform
deploys telemetry tools (Execution Plane) alongside the application to collect data
on workload trends and resource usage of function instances. Quantum provenance
system gathers information orthogonally, on the state of QPUs to analyze errors, such
as properties of Quantum Circuits, QPUs, Compilation, and Execution, as proposed by
Weder et al. [WBL+ 21].

To separate concerns, we suggest the software design re�ect the orthogonal handling of
information as shown in Figure 2.3. This permits �exible adjustment of the granularity
of information according to workload properties. A platform can utilize provenance data
for error mitigation and to aid schedulers with upholding SLOs by assessing the currently
expected solution quality. Platforms that support hybrid applications should integrate
quantum provenance with classical telemetry to form one cohesive monitoring system
for simpli�ed access to various heterogeneous devices. The objective of a monitoring
system is to collect the minimal data necessary for informing schedulers to uphold SLOs.
Conceiving hybrid systems is non-trivial, as �nding a balance is already challenging for
classical edge-cloud and hybrid systems monitoring [GST+ 18, RRD+ 22]. A system that
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Figure 2.3: Provenance Plane

trivializes monitoring by aggressively collecting data may ease the task of a scheduler but
can cause resource congestion across the edge-cloud continuum [GST+ 18]. Conversely,
collecting insu�cient data will considerably reduce the system's scalability as it cannot
appropriately route requests or scale resources up and down. We argue that agranularity
mechanismcapable of adjusting the frequency of quantum and classical monitoring data
according to the current workload's characteristics is one of the principal challenges that
future work must address before a hybrid platform can emerge. Nevertheless, monitoring
itself is simply a precondition. The following describes how our architecture supports
resource e�ciency and elasticity based on available monitoring data.

The importance of monitoring system states has been a key motivation for Chapter 6.
The method it introduces does not directly concern quantum or classical provenance,
as the diverse input properties require algorithms with no assumptions on distribution
properties or value ranges.

Elasticity Plane The elasticity plane is the central organ of the decision mechanisms
that allocate resources and route requests according to client SLOs, metadata, and
monitoring data.

Figure 2.4 illustrates component organization and interaction. The Control clusters
are subdivided between Quantum and Classical Control Clusters. The former manages
quantum application instances, such as scale-out quantum coordinators, while the latter
manages classical application instances, such as horizontal scaling of applications. Each
control cluster manages a set of worker clusters (see Execution Plane) that are dynami-
cally scaled up or down according to the application instances the cluster can control.
Monitoring Agents are responsible for the worker clusters and relay data to the control
cluster's monitoring broker. A Monitoring Broker disseminates the data across the
components. A Classical Autoscaler and Classical Schedulermaintain a local and global
view of the control cluster's state. Classical autoscalers and schedulers exist in Quantum
Control Clusters, since Quantum Coordinator Applications (See Control Plane) are classic.
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Figure 2.4: Elasticity Plane

The Quantum Coordinator Manager supervises the Classical Autoscaler and Scheduler to
scale and place the Quantum Coordinator Application (see Control Plane) instances. The
Local View contains �ne-grained information about the Worker Clusters, such as CPU
usage per second. TheGlobal View contains coarse-grained aggregate information, such as
average CPU usage over an hour, about neighboring control clusters. The coarse-grained
data consists of �ne-grained local data collected by a Global View Aggregator that
periodically publishes a summary, i.e., the global view consists of exchanged summaries
of local views. The control cluster's messaging topology and broker partially address
the granularity control of monitoring data and permit an elastic control mechanism
that can scale the entire system by adequately allocating its limited resources. The
implementation of the autoscaler and scheduler is interchangeable, and system designers
may experiment with various methods. The Quantum Cluster Autoscaler is inspired by
the work of Tamiru et al. and Gandhi et al. and is an SLO-aware cluster autoscaler
capable of adding and removing Quantum Hosts from worker clusters to process the
incoming workload. Classical Routing is inspired by the work by Raith et al. [RRD+ 22]
and consists of aLoad Balancer and a Load Balancer (LB) Watcher . The Load Balancer
is a high-throughput and low-overhead component that redirects incoming requests to
application instances or other clusters (e.g., because no application instance is running).
The Load Balancer Watcher is SLO-aware and periodically refreshes the load balancer's
state to update the decision mechanism. TheQuantum Routing component di�erentiates
itself from Classical Routing, as it considers additional challenges to improve the resource
e�ciency of quantum hosts. Quantum Computing Selectionis particularly valuable for
the edge-cloud continuum as it introduces further heterogeneity. The selection method is
another freely interchangeable component. For example, system designers may opt to use
the method proposed by Quetschlich et al. [QBW23] and replace it once they �nd a more
suitable alternative. Multi-programming in quantum computing has a comparable role to
virtualization in classical computing, i.e., it allows sharing of the resources of quantum
computers among multiple circuits [DTNQ19]. However, unlike in classical computing,
where we can readily select existing mature virtualization methods, multi-programming
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is more involved and should be considered together during encoding [OSVM22] and
in�uences quantum computer selection.

Figure 2.5: Control Plane

Control Plane The Control plane exposes an API to client programmers to deploy
and manage their applications. The public API should allow client programmers to de�ne
hybrid applications as work�ows without separately deploying classical and quantum parts.
The platform analyzes the work�ow during the registry and partitions it into classical
and quantum applications. The Application Registry encapsulates several registries
responsible for storing application services, SLO targets, and parameterized models.
The Model Registry is a repository of readily available models. The models may either
be classical neural networks or quantum circuits. In addition, pro�lers associate static
metadata with each model, such as the number of parameters, circuit depth, and layer
types. Chapter 3 will emphasize the importance of extracting the correct metadata.
Pro�ler metadata supplements the schedulers and autoscalers with valuable information
to predict resource usage more accurately. Service Discovery enables Quantum and
Classical Routing to locate running application instances. The architecture supports
warm-starting as a �rst-class citizen, which we discuss in the following.

2.2.2 Warm-Starting at the Edge

Warm-starting aligns with the objectives of a distributed hybrid platform, i.e., it facilitates
drawing from resources across the continuum. Ideally, applications can pre-process input
before passing it to a remote server. Warm-starting methods in the context of quantum
computing are categorizable into Classical-To-Quantum (C2Q), Quantum-To-Quantum
(Q2Q), or Quantum-To-Classical (Q2C) [TBB + 24]. Each category has an input and an
output format. For example, C2Q expects classical input, and the output format should
suit a quantum algorithm.

Nevertheless, we argue that system designers must subdivide the categories further to
include neural input and output formats, such as Neural-To-Quantum (N2Q) or Classic-
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To-Neural (C2N), for two reasons. First, neural methods rely on AI accelerators that
may not be present or have alleviated energy consumption, i.e., it is indispensable for a
scheduler to know hardware properties to hit SLO targets. Second, although the output
of a classical ANN is classical, the network weights may be tuned to extract features
tailored for a particular class of algorithms.

2.2.3 Current and Future Role of Warm-Starting

Currently, a common motivation for warm-starting is to reduce the dependency on
QPU time due to cost and limited availability [ TBB + 24]. However, we stress that the
importance of warm starting lies in improving the solution quality by combining classical
and quantum algorithms. Moreover, once QPUs mature to a point where we can entirely
forgo classical computation, the research focus can shift to Q2Q warm-starting, where
smaller client devices can partially onload quantum algorithms for resource e�ciency.
For example, warm-starting can be a means to embed performance guarantees of classical
algorithms into quantum algorithms and can reduce the amount of training data required
for (Q)ML.

A downside of warm-starting is that it increases the applications' complexity as it intro-
duces more parts that must be managed. It is crucial to introduce a convenient interface
that supports warm-starting as a �rst-class citizen to further shift complexity from client
programmers to platform providers. Notably, warm-starting is chainable. Hence, we can
naturally integrate warm-starting methods in the edge-cloud continuum if a platform
exposes an interface that resembles the hierarchical properties regarding device capacities
in the network.

The following describes the requirements and proposed solution approaches for a hierar-
chical warm-starting programming model. Hierarchical refers to how the warm-starting
methods are composable in apipeline that resembles their resource usage requirements.
The proposed interface does not rely on any assumption regarding the availability and
limitations of QPUs, i.e., it treats each method in the pipeline as exchangeable building
blocks. The current progress of available QPUs is considered by informing client pro-
grammers about the feasibility of their planned warm-starting pipeline. For example,
the platform could disable support for Q2Q warm-starting at the network's edge until
MQPUs �nd widespread adoption in end devices, such as smartphones.

2.2.4 Hierarchical Warm-Starting

In our running example, the MAR platform aims to improve resource e�ciency with hier-
archical warm-starting. The load heavily �uctuates for city-scale applications according
to date and time. By chaining warm-starting hierarchically, idle computational resources
of edge and fog nodes can be utilized, e.g., to reduce o�oading to the cloud.

Warm-starting is a broad term encompassing numerous classes of methods [TBB + 24].
The challenge is to conceive an interface �exible enough to remain convenient without
exposing low-level details, such as manually selecting devices and fallback mechanisms,
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to the clients. An interface would be maximally �exible if it forces client programmers
to de�ne every single step of the execution, where to deploy which part at which node,
and to manually con�gure the quantum executions (e.g., device, compiler) for every
method in the pipeline. An interface that does not restrict the con�guration space is
especially undesirable when considering the heterogeneity of the continuum. Speci�cally,
it would not be su�cient to provide a single con�guration for a method, and there is
no guarantee for the availability of a particular device con�guration at the edge or fog.
Conversely, constraining client programmers exclusively to a list of pre-implemented
solutions is counterproductive as it hinders innovation, i.e., they should at least be able
to (optionally) provide their warm-starting method.

To summarize, the responsibility of a platform is to build the infrastructure and provide
adequate abstractions to access the resources. A dedicated interface for warm-starting
should allow clients to de�ne composable work�ows to process a warm-starting pipeline,
i.e., client programmers can register pre-processing steps for warm-starts through the
control plane from our architecture that may run on CPUs, TPUs, or QPUs deployed at
the client device or fog nodes.

Consider Figure 2.6 for the following example. Three clients execute the same application
using the public API of the control plane. The client programmers de�ned a warm-
starting pipeline for their applications. Hence, the pipeline and its methods are placed in
the warm-starting registry, and the system decides where to position the models in the
continuum based on the pro�ler metadata. However, the clients request varying target
qualities; hence, the platform applies di�erent intensities of warm-starting before sending
the task to a quantum cloud vendor. Intensity refers to the expected solution quality of
a quantum algorithm with an input processed by a warm-starting method.

In Figure 2.6, client C1 cannot achieve any pre-processing at the edge due to energy
constraints (indicated by an empty battery symbol) and therefore forwards the input in
its original classical representation. Since C1 registered at least one pre-processing step
at the fog, the load balancer routes the request to a fog node, applying the step that
maps to a C2Q warm-start. Conversely, if C1 had the resources to pre-process its input
for a target neural network, the fog node would have taken over processing its output
further to warm-start the quantum task, resulting in a chain of C2N and N2Q warm-start.
Client C2 can perform resource-conscious pre-processing for a C2N warm-start. Still,
since it does not achieve the required target quality, the request is routed to a fog node
with available QPUs to apply further pre-processing for an N2Q warm-start. Client C3's
request is directly routed to the cloud by the load balancer, since C3 had enough onboard
resources for pre-processing the task to the target quality without relying on fog nodes.

2.2.5 Distributed Inference Engines

While the last two sections introduced high-level concepts of the architecture, this section
focuses on lower-level system designs for platform designers and how client programmers
may implement a distributed hybrid application. We extend our running example and
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Figure 2.6: High-level Sequence of Hierarchical Warm-Starting

discuss how the MAR platform may support an inference engine with hybrid classical-
quantum neural networks. An inference engine refers to the inner system of an interface
that client programmers can utilize for intelligent tasks. (A)QNNs are uniquely quali�ed
as a representative application beyond ANN inference to cover how a distributed platform
can adapt as the limitations of QPUs are gradually lifted for three reasons. First, a
hybrid QNN is composed of parameterized classical and quantum nodes. Contrastingly,
other VQAs typically operate non-parameterized classical components exclusively for pre-
/post-processing and to optimize the parameters. For a hybrid QNN, there are additional
components with no statically prede�ned role assignments, so we can represent how
systems adapt as they progressively replace classical with quantum nodes proportional
to availability and advancements in QPUs. Second, we can split a neural network
horizontally by layer or cut individual layers vertically and view each partition as an
isolated computational graph. Then, we can emulate the behavior of a complex task with
numerous classical and quantum subtasks that a system must coordinate to compute a
single solution. Third, ANN partitioning and collaborative inference are well-established
research areas in CEC that consider the heterogeneity of classical hardware and the
resource asymmetry between edge, fog, and cloud nodes [MLR22]. Hence, we can directly
extend existing work to determine whether QPUs may improve the quality of classical
methods and are not restricted to orthogonal problems infeasible for classical computers.

Chapter 4 and Chapter 5 will introduce methods suitable for distributed inference engines,
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but only for classical computing. An extensive study on hybrid methods is not within
the scope of the thesis. However, in Chapter 7, we present preliminary results for future
work that extend the method in Chapter 4 to warm start Hybrid QNNs.

2.2.6 Implementation Challenges

Unlike regular business logic, applications often draw from specialized hardware for
intelligent tasks, such as visual recognition or complex optimization problems. Irrespective
of whether QPUs are included, the platform must treat inference requests as a workload
with distinct characteristics.

Volatility The scheduler must dynamically adapt to two sources of volatility. First,
outages in the fog domain are frequent. Moreover, unlike in the cloud, classical fog
resources cannot seamlessly scale horizontally, i.e., requests may have to be routed to the
cloud. Second, fog and cloud QPUs may be scarce, and depending on their current state,
they may not hit the target solution quality SLO.

Device Heterogeneity While the challenges of heterogeneity of classical components
are only tangentially related to the integration of QPUs, minimal consideration regarding
the numerous accelerators is necessary. Compilers map classical ANN to computational
graphs, and vendors have varying support for operations, limiting the available layer
types and activation functions [LL20].

Task Chaining and Bandwidth Consumption To fully draw from the resources
on the continuum, we require methods that onload some computation on client-side
accelerators. However, mobile devices can typically only host a single network in memory,
and swapping out ANN weights from storage incurs signi�cant overhead. Hence, latency-
sensitive applications sending subsequent inference requests for di�erent tasks must
o�oad, leaving valuable resources idle. Additionally, when numerous clients compete for
limited bandwidth by streaming high-dimensional image data, the limited bandwidth
will inevitably lead to erratic response delays.

Optional Quantum Embeddings Although the availability of QPUs is steadily
increasing, clients cannot currently expect the same graceful scaling of classical resources
in the cloud. Depending on the load, hitting latency SLOs with quantum layers may
not be possible. Accordingly, the inference engine should be �exible enough to skip
computing quantum embeddings for near- and intermediate-term devices.

Utilizing Mobile Quantum Devices Diamond quantum accelerators are expected
to be mature enough soon for commercial use [Gmb, Ltd23]. However, regardless of how
MQPUs improve, analogous to classical hardware, we assume that server-grade hardware
will consistently outperform its mobile counterparts. The challenge is to conceive methods
that can leverage the advantages of MQPUs, ideally without sacri�cing solution quality.
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2.2.7 Methods for Hybrid Distributed Inference Engines

The simple solution for accommodating multiple tasks and con�gurable solution qualities
considers a separate ANN for each variation. This is di�cult to maintain and in�exible,
forcing client programmers to implement and redeploy entire architectures for each task.
Instead, we describe how partitioning methods lead to composable architectures that
naturally de�ne small deployable applications.

Classical Depthwise Partitioning Sequentially applying horizontally split layers is
a particular form of hierarchical warm-starting. Platforms can include pre-trained ANNs
in the warm-starting registry of the Control Plane. Additionally, client programmers
may register modules according to their requirements. For example, edge devices can
optionally perform preliminary feature compression, and fog nodes can apply a small- or
medium-sized feature extractor according to solution quality and latency targets. We
require an encoder suitable for constrained end devices composed of operations widely
supported by the various vendors of AI accelerators. The encoder should perform initial
feature extraction and �nd a minimal representation for a su�cient statistic on several
downstream tasks to reduce bandwidth consumption. Then, the server can select an
interchangeable ANN for additional feature extraction according to the con�gured latency
and accuracy SLO. To handle the limited availability of QPUs, the QNN should be
optional.

Quantum Circuit Cutting Quantum circuit cutting addresses challenges. The idea is
to cut large circuits that require many qubits widthwise into smaller subcircuits requiring
fewer qubits [BBL + 23] by strategically cutting circuit wires [ PHOW19, BPS23] and
gates [MF21, BBL + 23]. Figure 2.7 illustrates an example in which one wire and two
gates are cut.

Figure 2.7: Circuit Cutting Basics

Wire cutting separates circuit wires through multiple measurements with di�erent ob-
servablesOi and subsequent initializations of the qubit to state j i i , while gate cutting
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substitutes two-qubit gates with varying combinations of single-qubit gates. The stacked
subcircuits in Figure 2.7 indicate the generation of multiple variations for each subcircuit.

The widthwise partitioning enables each subcircuit instance to be executed individually on
smaller quantum devices, which may be more readily available. Following the execution
of these subcircuits, a classical post-processing procedure is applied to recombine the
results obtained from the individual subcircuits, ultimately reconstructing the output
of the original circuit as a linear combination of the subcircuit results. This approach
facilitates the distribution of quantum circuit computations across multiple QPUs without
necessitating quantum communication. As a result, quantum circuit cutting o�ers the
opportunity to harness the power of several smaller MQPUs at the edge, enabling
the computation of larger quantum circuits. Moreover, it promotes the more �exible
placement of quantum circuits across resources of the compute continuum. Additionally,
once MQPUs are widely available, we can leverage them to parallelize the execution
of subcircuits. This parallelization can alleviate the overhead associated with each cut,
signi�cantly improving computational e�ciency and scalability.

Inference Flow Figure 2.8 illustrates the �ow for a conditionally depthwise ANN and
widthwise partitioned QNN inference across a hierarchical network. End-user devices
host varying client applications. For example, one client classi�es artwork in a museum
to retrieve a description using a virtual tour guide. Another client may be interested
in retrieving descriptions of the local fauna. Clients with AI accelerators apply neural

Figure 2.8: Inference Engine Request Flow

compression methods for preliminary feature extraction. Solid black lines represent
the �ow of a request within a domain. The dashed red lines represent inter-domain
data transfers. The dashed gray lines represent the provenance data collected adjacent
to inference requests by a runtime spanning all domains. The runtime is detailed by
the Elasticity Plane of our architecture in Figure 2.4. It collects data to periodically
update the SLO-aware load balancer to perform informed decisions based on the state
of each participating node and client con�gurations. Dashed black lines represent an
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alternative path, i.e., one request �ows only to one of the choices. An edge load balancer
routes the request to the load balancer of a fog cluster. Depending on load and client
requirements, the request is routed to a Fog GPU node or the cloud. After feature
extraction, a load balancer decides whether the classical embedding should be passed to
a QNN before classi�cation. The QNN may be executed on a Quantum Fog Node or sent
to a remote cloud provider, for example, due to privacy or availability. However, based
on our assumption, the MQPUs are more constrained than the server-grade QPUs from
cloud providers. Hence, circuit cutting methods can aid MQPUs in achieving a target
solution quality. A request ends after the label is sent as a response to the client.

Application Preparation and Deployment The individual operations of an ANN
form a computational graph. Moreover, partitioning methods naturally demarcate a
monolithic ANN into connectable vertices. The vertices represent coarse-grained classical
layers or QNN circuits, and one or multiple consecutive vertices form onedepthwise
partitioned deployment unit. Alternatively, we can further partition a vertex to create
one widthwise partitioned deployment unit, for example, with circuit cutting. Notably,
depthwise methods de�ne isolated compute nodes, which we can transparently combine
with widthwise methods, i.e., from an outside view, an adequate abstraction can present
a cut circuit as a single coarse-grained layer. The client programmers may provide hints
to the platform via annotations, but the application should be deployable as a single
(monolithic) work�ow. It is the responsibility of the Control Plane of our architecture
to create the deployment units before spawning Quantum and Classical Application
instances. From the point of view of the client programmers, they have deployed a single
application. However, the runtime system should be aware that the application is split
into multiple parts. Figure 2.9 illustrates an example with a computational graph of
coarse-grained layers. A coarse-grained layer consists (recursively) of �ner-grained layers.
The nodes are enumerated to indicate the processing sequence, and a subindex indicates
a branching path. A node with the same index and subindex implies the same partition
deployed on di�erent nodes. Partitions 1-2 are grouped depthwise and will be deployed as
one unit on edge devices. Partition 3.2 is deployed on cloud and fog nodes, while Partition
3.1 is a di�erent model deployed exclusively on cloud nodes. For example, Partitions
3.1 and 3.2 could be Feature Extractor L and M from Figure 2.8. An SLO-aware load
balancer routes the output of Partition 2 to a variation of Partition 3. Lastly, the output
of Partition 3 is passed on to one of the instances of Partition 4. Partition 4 is deployed
on fog and cloud nodes. However, it is a QNN circuit that a server-grade cloud QPU
can execute, but must be partitioned widthwise for the mobile-grade MQPUs at the fog
nodes.

2.3 Summary

This chapter presented a distributed hybrid platform integrating quantum and classical
resources in a hierarchically organized network. It summarized existing literature in
quantum and classical computing. The presented applications focused on facilitating
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Figure 2.9: Coarse Grained Deployment Units

research e�orts in quantum applications with warm-starting and ANN inference. The
key insight is the importance of seamless integration of components and that scaling such
platforms relies on large volumes of information at varying degrees of granularity.
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CHAPTER 3
Design Considerations for Neural
Networks in Edge-Cloud Systems

The chapter was motivated by observing substantial di�erences in performance between
testbeds and real-world experimentations, particularly when applyingreadily available
tools for optimizing performance. While absolute performance di�erences do not invalidate
results, diverging relative performance rankingsacross competing approaches invalidate
claims that authors deduce based on empirical data. We show that vendor-speci�c
software optimization stacks are a key source of unexpected performance reordering.
The chapter introduces a methodology and software tool to increase the con�dence and
reproducibility of empirical studies in edge�cloud systems.

3.1 Graph Compilers for Arti�cal Neural Networks

The pervasiveness of ANNs in modern computing systems has generated signi�cant de-
mand for methods to improve the e�ciency of available hardware. As computational com-
plexity increases and deployment scenarios diversify, optimizing ANN execution becomes
indispensable for practical applications across various computational platforms [RHS+ 21b].
Among the most promising optimization approaches are graph compilers, which optimize
the computational graphs of neural networks to enhance scheduling, improve data �ow,
and exploit dedicated hardware modules. Unlike other model optimization methods,
such as model compression [DLH + 20] with pruning [ CZS24], quantization [LHC+ 24], or
knowledge distillation [GYMT21 ], graph compilers can improve throughput or latency
by orders of magnitude with no loss in accuracy.
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Figure 3.1: Graph Compilers Reversing Throughput Rankings.

3.1.1 Trusting Research Results for Real-World Operations

While these compilers can be used independently, they may also be combined with model
compression or acceleration methods, such as quantization, that trade o� e�ciency for
accuracy. The potential performance improvements are substantial. Yet, fully leveraging
graph compilers presents distinct challenges. Graph compilers and other vendor-speci�c
optimizations can completely alter the relative performance across competing architectures.
Figure 3.1 not only precisely exempli�es this behavior, but also demonstrates that the
exact inverse holds for a di�erent device-compiler pair.

The models are comparably large, and the batch size is 8. On the Orin, the convolutional-
based E�cientNet has a higher throughput than the transformer-based Swin. Applying
TensorRT signi�cantly improves throughput for both models. However, the E�cientNet
is now slower than the Swin. On the Xeon with OpenVINO, we observe the exact inverse
behavior. Swin is faster before compilation, and compilation yields throughput gains
for both models, but Swin is now slower than E�cientNet. Section 3.2.3 will detail
experiment con�gurations.

Arguably, the increasing complexity of optimizing neural networks creates a disconnect
between academic research and real-world applicability, despite directly addressing
practical problems. When designing novel machine learning algorithms for Edge(-Cloud)
Systems [DZF+ 20], it is crucial to understand how graph compilers can invalidate
relative performance di�erences between architectural archetypes. A common problem
when extending research work into real-world systems is determining whether reported
performance improvements, regarding resource usage or throughput, from the latest
advancements will generalize to the target hardware. This problem stems not from a
lack of rigor by researchers but from the inherent heterogeneity of the AI accelerator
landscape [RMJ+ 22]. This insight was a key motivation in our previous works [FRD24,
FZR+ 25, FFSD25], where we deliberately opted for simpli�ed encoder architectures with
widely supported operations to ensure that reported results would generalize across
vendors. While these and similar research contributions are valuable, their practical
application requires further consideration, often creating a needlessly high barrier for
practitioners by having to navigate complex optimization landscapes. To narrow the gap
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between research contributions and their applications in real systems, we introduce an
automated tool that integrates with existing pro�lers commonly used in edge or cloud
frameworks (e.g., for model selection [CSM+ 20]). The tool streamlines graph compiler
benchmarking over heterogeneous compute infrastructure to facilitate iterative empirical
analysis.

3.1.2 Background

Graph compilers analyze and optimize computational graphs representing neural networks
as nodes (operations) and edges (data dependencies). They provide abstraction to lower-
level implementation details by converting models from high-level frameworks (PyTorch,
TensorFlow) into hardware-agnostic intermediate representations. Moreover, they may
apply transformations that improve execution speed and memory e�ciency across AI
accelerators, and hardware-speci�c code generation for low-level kernels tailored to target
architectures, such as CUDA for NVIDIA GPUs, and OpenCL for FPGAs.

High-level Network Architecture Organization

Figure 3.2 illustrates how most modern architectures organize layers.

Figure 3.2: Network Architecture Layer Organization

Each layer applies a linear transform, normalization, and introduces non-linearity with
an activation function. Layers are grouped into blocks, which may be more complex, as
shown here, such as the ResNet bottleneck [HZRS16] that uses two 1 � 1 convolutional
layers to reduce the number of channels, before increasing them again. A stage consists
of a sequence of repeated blocks. Finally, an architecture consists of at least one stage,
and each stage may have a variable number of blocks. The di�erence between models of
di�erent sizes from the same architecture is typically their width and block ratios. For
example, the block ratio in Swin-Tiny is 2:2:6:2 and in Swin-Base 2:2:18:2 [LLC + 21].
Graph Compilers can improve throughput by exploiting the repeated patterns present
in such organizations and by providing specialized hardware modules for particular
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compositions (e.g.,Conv-BatchNorm-ReLU ). The following brie�y summarizes software
and hardware optimizations that compilers commonly use.

3.1.3 Software-Level Optimizations

Operator Fusion Operator fusion combines multiple operations, such as convolution
and activation, into a single computational kernel. Without operator fusion, each
operation would write intermediate results to memory and then read them back for the
next operation. By fusing operations, the compiler generates a single kernel that executes
all the fused operations sequentially within the same execution context. This eliminates
redundant memory accesses and reduces the overhead of launching multiple kernels.

Constant Folding Constant folding identi�es subgraphs where all inputs are constants
and precomputes them at compile time. This reduces runtime computation by eliminating
the need to compute results that do not depend on dynamic inputs repeatedly.

Layout Transformation Di�erent hardware architectures have speci�c data layout
preferences for optimal performance. For example, NVIDIA GPUs with Tensor Cores
prefer the BHWC (batch size, height, width, channels) format over BCHW (batch
size, channels, height, width). Layout transformations reorganize tensor data into these
preferred formats during compilation. These transformations ensure that memory accesses
are coalesced and aligned with hardware requirements, improving throughput.

Hardware and Kernel-Level Optimizations

Kernel Fusion Kernel fusion is similar to operator fusion, but at the kernel level.
Similarly to operator fusion, kernel fusion combines multiple operations into one kernel
execution to reduce kernel launch overheads. However, kernel fusion operates at a lower
level and can merge operations with �ner granularity.

Memory Latency Hiding Memory latency hiding overlaps computation with data
transfers using asynchronous execution techniques. Speci�cally, by overlapping data
movement (e.g., between global memory and shared memory) with computation, the
memory access latencies appear instantaneous, i.e., �hidden.� Similarly to dynamic
batching, it involves a static code analysis and code generation for execution paths.
The execution paths facilitate asynchronous memory transfers and e�cient scheduling
of threads, such that some threads perform computations while others wait for data
transfers to complete. For example, in matrix multiplication on GPUs, while one block of
threads computes partial results using data already loaded into shared memory, another
block loads the next set of data from global memory asynchronously.

Sparse Computation Sparse computation exploits sparsity in weights or activations.
It leverages tensor sparsity patterns (e.g., weights with many zero values) to skip

34



3.2. Graph Compiler-guided Method Design

unnecessary calculations and reduce storage requirements and memory use. In particular,
specialized sparse matrix formats like Compressed Sparse Row or Block Sparse Row store
only non-zero elements e�ciently. Hardware accelerators often include optimized sparse
matrix multiplication routines that exploit these formats. For example, consider a sparse
neural network where 70% of weights are zero due to unstructured pruning. Instead of
performing dense matrix multiplication on all elements, sparse matrix multiplication
algorithms process only non-zero elements stored in CSR format. Then, multiplying
an input vector with a sparse weight matrix skips zero-weighted connections, reducing
computation time and memory bandwidth usage.

3.1.4 Related Work

Shuvo et al. [SICM23] provide an excellent review on techniques for utilizing AI accelera-
tors, but it is focused on lower-level tricks for a particular class of hardware. Zhou & Yang
benchmark TensorRT [ZY22], but only on convolutional architectures. Li et al. [LLL + 21]
provide a broad overview of existing compilers, but only include rudimentary evaluation
on behavior in practice. Like our work, Xing et al. examine graph compilers on di�er-
ent hardware (CPUs, GPUs) [XWW + 19], but the evaluation only considers individual
operations and convolutional-based architectures, without addressing important factors,
such as batch size, depth, width, etc. Conversely, this work evaluates graph compilers
on various networks from varying architectural families and leverages the broad results
to draw generalizable insights. The work by Jajal et al. [JJT + 24] shares similarities in
examining computational graph optimization of varying architectural styles and vendors,
but the focus is on interoperability, and speci�cally the issues that may be encountered
when converting models to ONNX. The work in [ZJS+ 25] also examines computational
graph optimization, but more generally focuses on uncovering bugs in the development
cycle of systems that train and deploy deep neural networks. The work in [ZXWZ23]
shares similarity in advocating for a design strategy that is mindful of the underlying
hardware acceleration. Still, it is an entirely qualitative assessment without any empirical
analysis. Lastly, Zhang et al. [ZLC+ 22, ZCC+ 24] introduce libraries for benchmarking
and provide comprehensive results, but include only mobile platforms and do not examine
graph compilers.

3.2 Graph Compiler-guided Method Design

We implement NGraphBench, a library that permits quick, automated, empirical eval-
uation of graph compilers in a heterogeneous cluster. However, the focus of the work
is not the implementation details of the library, and we only mention high-level details
for evaluation transparency in Section 3.2.3. Instead, the focus is on e�ectively utilizing
empirical compiler benchmark results to iteratively conceive and re�ne ML methods,
with a clear application focus on edge-cloud systems.
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3.2.1 NGraphBench Library

NGraphBench exposes a uniform interface for accessing and integrating graph compiler
APIs. Users can provide their models in ONNX or native PyTorch and con�gure experi-
ments, such as compiler-device pairs, compiler �ags, repetitions, and model initialization
parameters.

Figure 3.3: NGraphBench high-level �ow.

Figure 3.3 illustrates the high-level application �ow. The client coordinates the experi-
ments for participating clients in a cluster. Each device may evaluate multiple compilers.
Crucially, the compilation is done locally on the target devices, i.e., we arenot using
hardware simulators, which are likely to result in worse optimizations. Each device
may benchmark multiple compilers, and will persist results in prede�ned checkpoints
periodically (e.g., to resume on a crash). After benchmarking, the devices will report
the results to the client. Once all devices have reported their results, the client will tear
down the benchmarking environments and terminate the application.

3.2.2 Pragmatic Research Design for Practical Systems

The disconnect between academic research and practical deployment is particularly
problematic when optimizing neural networks for heterogeneous hardware. While novel
architectures may excel in controlled benchmarks, their performance can vary dramatically
when deployed with di�erent graph compilers across diverse hardware. We propose a
methodological framework that incorporates compiler e�ects throughout the research
process, as illustrated in Figure 3.4.

This framework divides the research process into three phases, each integrating compiler
optimization considerations:
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Figure 3.4: Iterative re�nement guided by empirical analysis

Design Phase The design phase prioritizes architectural choices with widespread
hardware and compiler support. Using our work in [FZR+ 25] as a case study, we
selected variational compression methods for orbital edge computing applications where
processing must occur within �nite time windows. Rather than optimizing for theoretical
metrics like the number of Multiply-And-Accumulate (MAC) operations or parameter
counts, we introduced theTransfer Cost Reduction per Second (TCR/s) metric to balance
compression e�ciency against computational throughput. This approach enabled the
evaluation of di�erent architectural paradigms (convolutional vs. transformer-based)
against practical deployment metrics.

Development Phase During development, researchers must examine how block com-
positions a�ect model performance and compiler-optimized throughput. Our analysis
revealed that increasing model depth often yields disproportionate throughput gains
when target hardware incorporates vendor-speci�c compiler support. Similarly, compiler
optimizations can e�ectively mitigate width adjustments that should reduce throughput.
Researchers can identify viable block compositions and con�gurations that maximize
performance within deployment constraints through systematic evaluation with graph
compilers.

Deployment Phase The �nal phase involves comprehensive testing on target hardware
with appropriate compiler optimizations. In our case study, without graph compiler opti-
mization, increased model width signi�cantly deteriorated batch parallelization e�ciency,
contradicting development-phase expectations. This resulted in selecting marginally
smaller models for constrained devices despite 30% worse compression performance. The
cause was what we refer to as thebatch-width scaling friction. By slightly increasing
the convolutional channels (i.e., the width), the TCR/s has signi�cantly dropped due
to reduced processing throughput. Such counterintuitive outcomes highlight the critical
importance of evaluating compiler-hardware interactions throughout the research process.
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In short, the methodology aims to bridge the gap between academic innovation and
practical deployment by integrating graph compiler considerations into each research
phase. While this approach requires additional empirical testing, it ensures that reported
performance improvements generalize across deployment scenarios, ultimately produc-
ing more valuable contributions for practitioners working with heterogeneous hardware
environments.

3.2.3 Empirical Analysis

The analysis is motivated by the three phases of our compiler-guided framework from
Section 3.2.2. We examine: (1) di�erential compiler support across architectural styles
to inform design decisions in Figure 3.5; (2) depth scaling and batch-width friction
mitigation e�ects to guide component composition in Section 3.2.4, Section 3.2.4; and (3)
analyze graph compiler e�ects on resource usage to reason about unexpected throughput
gains or losses, such as from adverse e�ects by concurrent tasks in Section 3.2.4. We
restrict the study to vision models to control confounders and isolate compiler e�ects,
and block-level experiments cover convolutional and attention compositions. However, we
emphasize that the results generalize to problem domains that rely on ANNs for function
approximation, such as NLP or Deep Reinforcement Learning. Moreover, we isolate
compilation from model compression, such as quantization [LHC+ 24], pruning [CZS24], or
knowledge distillation [GYMT21 ], as compilers alter execution without a�ecting accuracy
or training. In contrast, model compression introduces accuracy trade-o�s that would
confound compiler-speci�c e�ects.

Experiment Design

We include TensorRT and OpenVINO to represent vendor-speci�c compilers and Apache
TVM to represent vendor-agnostic compilers with hardware-level optimizations. The
ONNX and TorchScript runtimes represent a software-level optimization approach. The
evaluation exclusively focuses on applying graph compilers without fundamentally altering
prediction behavior, i.e., it does not consider quantization and other model compression
methods. For experiments with a relative measure that relies on a baseline (e.g., speedup
factors, BSR), we use the PyTorch dynamic computational graph and refer to it as the
identity . We repeat each experiment 100 times and report the average with standard
deviations. Compilation is performed on thenative hardwarewithout hardware simulators.
The experiments are performed end-to-end by deploying them on a physical testbed
cluster using the NGraphBench library (Section 3.2). The following details the testbed
and con�gurations to facilitate reproducibility. We emphasize that in this work, the
NGraphCompiler library is exclusively for convenience and is not required to reproduce
our results.

Testbed We implement a physical testbed with relevant speci�cations summarized
in Table 3.1. For clarity, we will refer to Server 1 and Server 2 as �GPU� and �Xeon�
respectively, i.e., the chip we compile for and run the neural network on. The Orin Nano

38



3.2. Graph Compiler-guided Method Design

Table 3.1: Testbed Device Speci�cations

Device CPU GPU
Server 1 8x Ryzen 5700G @ 3.80 Ghz (x86) RTX 4070
Server 2 8x Xeon Skylake @ 3.0 Ghz (x86) N/A
Orin Nano 6x Cortex-A78 @ 2.0 Ghz (ARM) Amp. 512 CC 16 TC

usesJetpack 6.2 , which is based onUbuntu 22.04 . Hence, the other devices use
Ubuntu 22.04 LTS with Linux kernel version 5.15. We prioritize consistency over
using the latest versions. Table 3.2 reports the oldest versions installed on the devices.

Table 3.2: Library Versions

Library Version
ONNXRuntime 1.19.2
TensorRT 10.4.0
ApacheTVM 0.18.dev0
OpenVINO 2024.3.0

Library Version
PyTorch 2.4.1
CUDA 12.5
cuDNN 9.3.0
timm 1.0.15

Compiler Con�gurations Except for Apache TVM, we use intuitive default con�gu-
rations for graph compilers (e.g., optimize for throughput instead of latency in OpenVINO
when the evaluation criterion is throughput). To remain vendor-agnostic, TVM takes a
fundamentally di�erent approach to optimization than vendor-speci�c compilers. TVM
can fuse arbitrary patterns and support new operations, if it can �nd them [CMJ+ 18].
Vendor-speci�c frameworks compile fast, but are limited to pre-de�ned fusion patterns or
operations. TVM's tuning involves running many candidate kernels on the hardware or a
simulator to measure performance, yielding highly optimized code, potentially matching
or exceeding vendor libraries. The caveat is that TVM traverses an exponentially

Table 3.3: Contrasting Compile Times in Seconds

Model Batch Size Intel Xeon GeForce RTX
OpenVINO TVM TensorRT TVM

ResNet-101 1 2.249 18,022.663 11.863 57,307.949
32 4.080 28,327.363 16.089 58,466.694
1 3.109 36,241.423 53.332 69,364.992

E�cientNet-B5
32 5.646 49,765.446 68.360 61,700.123
1 4.830 36,431.073 10.004 16,533.937

ConvNeXt-Base
32 6.763 68,943.533 19.394 18,404.425
1 4.764 11,464.397 6.320 5230.073

DeiT-Base
32 6.264 36,199.033 13.827 6157.337
1 9.338 88,095.557 17.545 27,378.831

Swin-Base
32 12.628 13,4262.784 29.204 14,287.950
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scaling search space, such that �nding anoptimal computational graph for a single
experiment may take weeks or months. Therefore, we cap the number of trials at 1500
with early stopping after 150 using the xgb tuner, as we empirically determined on a
subset of models that increasing the number of trials beyond 1500 yields diminishing
results. Moreover, we only apply TVM to the o�-the-shelf models on the native hardware
and omit it from the block-level evaluation due to time constraints. Table 3.3 shows the
compile times for the largest models. Notice that even after limiting the number of trials,
the compilation time may take more than 19 hours. Lastly, notice that the compilation
time increases with batch size only for Apache TVM. Unlike OpenVINO and TensorRT,
the TVM search heuristic relies on real measurements for each candidate graph, where
the runtime scales with the batch size.

Network Architecture & Layer Composition We perform experiments on o�-the-
shelf architectures and more �ne-grained blocks. Evaluating widespread models yields
general insights, such as whether vendors favor a particular architectural style. Table 3.4
summarizes the architecture speci�cations.

Table 3.4: Network Architecture Speci�cations

Architecture Style Parameters MACs
ResNet-18 Convolutional 11,689,512 1,814,083,944
ResNet-50 Convolutional 25,557,032 4,089,238,376
ResNet-101 Convolutional 44,549,160 7,801,511,784
E�cientNet-B3 Convolutional 12,233,232 962,729,320
E�cientNet-B4 Convolutional 19,341,616 1,503,740,472
E�cientNet-B5 Convolutional 30,389,784 2,356,534,504
DeiT-Small Transformer 22,059,496 79,557,352
DeiT-Medium Transformer 38,849,512 115,513,320
DeiT-Base Transformer 86,585,320 201,581,032
Swin-Tiny Transformer 28,328,674 52,152,040
Swin-Small Transformer 49,737,298 66,312,424
Swin-Base Transformer 71,125,762 94,739,176
ConvNeXt-Tiny Hybrid 28,589,128 322,371,592
ConvNeXt-Small Hybrid 50,223,688 411,391,240
ConvNeXt-Base Hybrid 88,591,464 646,530,408

We use the timm [Wig19] library that ensures consistent implementations to access
o�-the-shelf architectures, so exact parameter and MAC counts may di�er slightly from
those reported in original publications. We consider �ve architectural families and three
consecutively increasing model sizes per family. We include two convolutional-based
(ResNets [HZRS16], E�cientNets [ TL19]) and two transformer-based (Swins [LLC + 21],
DeiTs [TCD + 21]). Additionally, we include ConvNeXts [ LMW + 22] as a hybrid approach
that is a convolutional-based model but includes design principles from transformers.
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Table 3.5: Per-Block Speci�cations

Convolutional Multi-Head Attention
Channels Params Per Block Embedding Dimensions Params Per Block

64 37,056 128 66,048
96 83,232 256 263,168

128 147,840 384 591,360
256 590,592 512 1,050,624

Table 3.5 summarizes the per-block speci�cations. Blocks allow us a more targeted
evaluation of depth (i.e., investigate optimization as we stack repeated blocks) and width,
and reduce noise from certain implementation quirks or other factors that a�ect compiler
e�cacy.

The multi-head attention (MHA) block uses ReLU nonlinearity. We use channels in
convolutional blocks and embedding dimensions for MHA blocks to parameterize block
widths when investigating batch-width friction. We found that varying kernel and input
sizes similarly a�ect batch-width friction as increasing the channels. To simplify, we only
report results with the kernel size �xed at 3 � 3 and input size 3 � 244� 244. In MHA
block experiments, we �x the sequence length to ten for the input tensor and consider
the embedding dimensions to parameterize the block width.

Measuring Batch Parallelization

We can measure the Relative Throughput Rate (RTR) as

RTRc(b) :=
Tc(b)
Tc(1)

where Tc(b) is the throughput in samples per second for batch sizeb when compiler c is
used. The RTR quanti�es the unnormalized parallelization rate. When scaling is perfect,
the throughput linearly scales as a function of the batch size. Note that once RTR drops
below 1, the batching reduces absolute throughput. Moreover, perfect scaling does not
happen in practice for larger batch sizes, so we will visualize the decay in batch scaling
e�ciency with the Absolute Scaling E�ciency (ASE) measure:

ASEc(b) :=
Tc(b)

b� Tc(1)
:

The ASE normalizes the RTR, so any reduction from a perfect parallelization rate directly
indicates reduced scaling e�ciency. For example, when batch parallelization is perfect, the
ASE stays consistently100%, irrespective of the batch size. Conversely, decreasing ASE
implies diminishing returns from increasing the batch size. As discussed in Section 3.2.2,
it is interesting to see whether compilers can mitigate the decay, i.e., maintain scaling
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e�ciency at higher batch sizes. We measure this with the Batch Scaling Resilience (BSR)
as follows:

BSRc(b) :=
ASEc(b)

ASE identity (b)
:

The BSR is a relative measure that can quantify, without eyeballing, the improvement in
mitigating friction compared to a baseline compiler. Compilers with BSR values greater
than 1 consistently across varying con�gurations demonstrate that they can improve the
batch scaling e�ciency for target hardware.

We emphasize that ASE and BSR are analytical instruments that quantify compiler-
induced scaling behavior; they are not conceptual innovations but make observed patterns
measurable and comparable across settings. In particular, measuring BSR as we increase
the batch size for di�erent width con�gurations can determine whether a compiler can
alleviate the scaling friction, which we elaborate on in the following.

Batch-Width Scaling Friction

The batch-width scaling friction describes the joint e�ects of increasing model width
and batch size parameters on scaling e�ciency that signi�cantly impact systems that
prioritize processing throughput, such as in [FZR+ 25]. To empirically assess the e�cacy
of compilers to mitigate the e�ect, we provide a minimally formal de�nition.

De�nition 1. (Batch-Width Scaling Friction) Batch-width scaling friction is present
when, for �xed b, ASEc(b; w2) < ASE c(b; w1) with widths w2 > w 1 in the operating range,
which indicates that increasing width reduces parallelization e�ciency.

3.2.4 Compiler Support Across Architectural Styles

Figure 3.5 compares the absolute throughput of the vendor-speci�c compilers with the
dynamic uncompiled graphs. It shows how compiling results in signi�cant throughput
gains, except when resources are scarce, the performance saturates. Each row corresponds
to a model size, and each column to an architectural family (e.g., smallest for ResNets
is ResNet-18). The y-axis scaling is non-uniform, highlighting the strong relationship
between compiler e�cacy and architectural style. Notice that even if the absolute
throughput across model sizes is o�set, the throughput scaling as we increase the
batch size is strikingly similar within a family. The caveat is that the varying device
capacities obfuscate the results, making it challenging to assess compilation e�cacy.
Hence, we report relative values for the remainder of the evaluation but summarize
partially aggregated measurements using absolute values in Table 3.6. Figure 3.6 plots
the throughput multiplier for the �ve architectural families on di�erent devices-compiler
pairs. It contrasts the multiplicative throughput increase relative to the uncompiled
baseline.

The results reveal strikingly distinct performance patterns across batch sizes and neural
network architectures, demonstrating performance patterns highly dependent on batch
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(a) Device = GPU

(b) Device = Orin

(c) Device = Xeon

Figure 3.5: Contrasting the absolute throughputs

size and neural architecture. Conv-based architectures see broader support, whereas
for transformer-based architectures, it strongly varies. Interestingly, despite being
advertised as a �convolutional architecture�, ConvNeXt behaves similarly to transformers
in performance across all compilers. At small batches (� 2), compilers provide 2-6�
speed-ups by eliminating Python dispatch overhead and enabling operation fusion. These
advantages diminish as batch size increases, with only vendor-speci�c solutions (TensorRT
for GPU, OpenVINO for CPU) maintaining consistent performance advantages at batch
size 16. Architecture signi�cantly in�uences compiler e�cacy: traditional convolutional
networks bene�t substantially from all compilers at small batches, while transformer-
based models show minimal improvement with TVM, moderate gains with ONNX,
and substantial acceleration only with vendor-speci�c tools. While TVM demonstrates
substantial performance gains for convolutional architectures, the performance completely
tanks for transformer architectures, particularly for ConvNeXt. The weaker TVM results
on ConvNeXt are consistent with a search-based optimization that must navigate a
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Table 3.6: Aggregated Results by Architectural Family

Batch Size(2-4) Batch Size(8-16)
Family Compiler

Throughput [t/s] ^ CPU [%] _ Throughput [t/s] ^ CPU [%] _
Identity (Orin) 104.69� 0.57 11.13� 0.78 149.63� 0.66 5.52 � 2.00
Identity (GPU) 1047.32 � 14.09 6.24� 0.09 2442.30� 43.44 6.22� 0.10
Identity (CPU) 68.08� 1.75 99.83� 0.94 75.12� 2.78 95.41� 2.60
TensorRT (Orin) 179.01 � 6.98 3.45� 1.14 247.99� 1.28 1.58� 0.77
TensorRT (GPU) 1740.11� 14.18 6.26 � 0.14 2673.77� 19.56 6.24 � 0.03
OpenVINO (CPU) 136.94 � 5.80 97.98� 0.84 163.90� 6.21 96.99� 1.40
TVM (GPU) 1678.78� 29.22 6.32 � 0.17 1823.83� 374.62 6.26 � 0.05

ResNets

TVM (CPU) 46.55 � 0.69 49.99� 0.72 60.27� 0.99 49.88� 0.83
Identity (Orin) 50.33� 0.25 14.29� 0.83 64.47� 0.17 6.27 � 3.75
Identity (GPU) 294.85 � 4.57 6.25� 0.10 1029.42� 4.12 6.24� 0.08
Identity (CPU) 30.80� 0.92 99.05� 1.26 47.34� 0.96 97.43� 2.90
TensorRT (Orin) 93.74 � 0.48 5.31� 0.83 113.39� 0.36 2.03� 0.90
TensorRT (GPU) 1114.56� 8.67 6.23 � 0.14 1578.73� 5.53 6.24 � 0.17
OpenVINO (CPU) 96.04 � 2.35 98.28� 0.83 120.00� 3.28 97.36� 1.32
TVM (GPU) 1088.48� 32.06 6.21 � 0.12 1261.05� 236.20 6.26 � 0.11

E�cientNets

TVM (CPU) 17.69 � 0.42 49.96� 0.80 20.66� 0.22 49.94� 0.82
Identity (Orin) 36.45� 0.26 6.14 � 1.39 41.50� 0.16 1.89 � 1.96
Identity (GPU) 674.76 � 5.76 6.26� 0.14 1015.49� 3.17 6.25� 0.13
Identity (CPU) 37.08� 1.18 99.59� 1.58 50.81� 1.55 99.11� 1.33
TensorRT (Orin) 95.67 � 1.06 1.40� 0.84 116.26� 0.70 0.60� 0.78
TensorRT (GPU) 1164.57� 9.87 6.28 � 0.15 1531.85� 6.62 6.25 � 0.11
OpenVINO (CPU) 50.29 � 1.52 99.01� 1.07 61.01� 2.27 97.26� 2.43
TVM (GPU) 71.43� 4.02 6.25 � 0.07 87.22� 5.54 6.25 � 0.09

DeiTs

TVM (CPU) 7.00 � 0.06 49.92� 0.89 8.56� 0.07 49.93� 0.85
Identity (Orin) 22.28� 0.12 7.20 � 2.80 25.66� 0.05 3.08 � 4.38
Identity (GPU) 304.23 � 2.38 6.25� 0.08 591.81� 1.24 6.25� 0.09
Identity (CPU) 21.37� 0.56 96.62� 2.52 23.81� 0.52 95.29� 2.75
TensorRT (Orin) 68.00 � 0.55 1.25� 0.74 81.62� 0.84 0.56� 0.88
TensorRT (GPU) 918.61� 7.71 6.22 � 0.23 1062.34� 3.32 6.25 � 0.14
OpenVINO (CPU) 36.75 � 0.81 99.26� 0.98 42.79� 1.19 98.01� 1.90
TVM (GPU) 149.52� 15.19 6.25 � 0.09 80.34� 3.27 6.27 � 0.17

Swins

TVM (CPU) 8.01 � 0.17 49.94� 0.81 9.67� 0.08 49.90� 0.85
Identity (Orin) 29.72� 0.19 6.51 � 1.92 34.34� 0.08 2.32 � 2.98
Identity (GPU) 563.15 � 5.28 6.24� 0.17 862.64� 3.24 6.24� 0.10
Identity (CPU) 31.86� 1.99 98.31� 3.28 45.00� 1.33 99.37� 1.81
TensorRT (Orin) 76.98 � 0.57 2.21� 0.97 89.80� 0.43 0.74� 0.82
TensorRT (GPU) 972.13� 6.93 6.25 � 0.04 1166.44� 3.43 6.26� 0.12
OpenVINO (CPU) 38.91 � 0.91 99.43� 0.94 45.50� 1.29 97.13� 1.91
TVM (GPU) 266.40� 24.91 6.26 � 0.10 143.74� 17.35 6.25 � 0.08

ConvNeXts

TVM (CPU) 10.67 � 0.21 49.95� 0.80 13.50� 0.12 49.91� 0.87

large combinatorial schedule space for hybrid blocks [CMJ+ 18], which is consistent with
the compile-time pro�le in Table 3.3. The architectural hybridization of ConvNeXt
exponentially expands the optimization search space, complicates identifying possible
fusion patterns, and frequently results in convergence to suboptimal local minima within
the computational graph. Conversely, Vendor-speci�c compilers maintain their advantage
through extensive manual optimization targeted speci�cally at popular cutting-edge
architectures. Since the dynamic computational graph is executed sequentially in the
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Figure 3.6: Contrasting multiplicative throughput increase relative to the baseline.

Python runtime on the Xeon CPU, we also include TorchScript as an additional baseline.
TorchScript can exploit the multiple cores on the CPU with intra-op parallelism. However,
compared to OpenVINO, which achieves up to 5-6 times higher throughput, TorchScript
only marginally improves throughput across all con�gurations.

The results show strikingly distinct performance patterns across compilers, hardware
platforms, and neural architectures. Convolutional-based networks bene�t from all
compilers, while transformer-based models see limited gains from vendor-agnostic
solutions. Vendor-speci�c compilers maintain advantages through targeted optimization
for popular architectures, while automated tuning approaches struggle with hybrid
designs. Performance advantages are most pronounced at small batch sizes, with only
vendor-speci�c solutions maintaining consistent advantages as batches grow.

Exploiting Repeated Patterns from Depth Scaling

Figure 3.7 plots the throughput multiplier relative to the uncompiled graph for the
convolutional and MHA blocks separately.

Note that the Y-axis scaling is non-uniform to accentuate the relationship between
compiler-device pairs at a set batch size. It contrasts how stacking homogeneous blocks
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(a) Batch Size = 2

(b) Batch Size = 8

(c) Batch Size = 16

Figure 3.7: Contrasting how stacking homogeneous blocks improves throughput.

improves throughput over the baseline. The factor diminishes at higher batch sizes, but
the relative relationship between depth and the factor remains consistent. Unsurpris-
ingly, we observe comparable behavior of convolutional blocks and MHA blocks as with
convolutional-based and transformer-based architectures. However, the depth noticeably
impacts the throughput relationship between the compilers. This trend remains even
when performance starts to saturate due to high computational load from large batch
sizes and block widths. For example, Figure 3.7b shows how the throughput for MHA
blocks at batch size 8 with embed dimension 128, using the TensorRT compiler on the
GPU, is approximately twice that of the baseline dynamic computational graph on a
single block, but jumps to eightfold when stacking six repeating blocks. Conversely,
convolutional architectures perform best using ONNX and OpenVINO on Xeon CPUs
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Table 3.7: Depth Scaling of Convolutional Blocks

Device Compiler Width Batch Size 8 Batch Size 16
Slope Retention Slope Retention

GPU TensorRT 64 0.08924 3.821 0.1032 1.187
GPU TensorRT 96 0.1024 0.2116 0.1038 0.6593
GPU ONNX 64 0.06953 1.153 0.09141 0.426
GPU ONNX 96 0.07876 1.304 0.08367 0.7538
Orin TensorRT 64 0.1695 0.7846 0.1349 0.7759
Orin TensorRT 96 0.1285 1.126 0.212 6.553
Xeon ONNX 64 0.04862 1.009 0.0006561 0.9756
Xeon ONNX 96 0.0453 1.025 0.02658 0.9954
Xeon OpenVINO 64 0.4417 0.3379 0.4775 0.7428
Xeon OpenVINO 96 0.3553 0.8669 0.3378 0.4106

across the majority of experiment con�gurations. Table 3.7 and Table 3.8 quantify how
varying compilers can leverage the repeating patterns. We compute theslopewith the
least-squares �t to measure how much speed-up changes as we increase the depth. A
positive slope implies that each additional layer makes the compiler's advantage even
larger. In contrast, a negative slope means that extra blocks diminish initial gains. The
retention is simply the ratio between the speed-up factor of the deepest stack and the
speed-up factor of a single block. A value close to 1 implies that a compiler is agnostic
towards the depth parameter, i.e., it cannot leverage the repeated block patterns. Values
above 1 imply that the compiler can leverage repeated blocks.

For convolutional blocks, the speed-ups of the vendor-speci�c compilers with hardware
optimization are ampli�ed by increasing the depth. The convolutional blocks are a
repeated sequence of the simpleConv � BatchNorm � ReLU pattern. The simple design
aids the hardware-based compilers. The vendor-speci�c compilers can leverage the
repeating patterns and tile and fuse them into smaller or larger kernels. For example,
this can occur by collapsing all 3N pointwise ops into one fused pass, or merging multiple
2D convolutions into one multi-stage convolution that reuses intermediate results. As we
increase the depth, theamortized overhead per block of kernel launch, memory barriers,
and descriptor setup decreases. Conversely, the software-based optimization of ONNX
shows weaker improvements.

The retention values of MHA blocks are, on average, less than those of convolutional
blocks, i.e., the compilers cannot leverage the repeated patterns as e�ectively. The
dependency graph of theLinear(QKV) � Reshape � MatMul � Softmax � MatMul
� Add � LayerNorm � ReLU is signi�cantly more complex, such that we may get good
one-block kernels, but stacking them does not result in intra-block fusion.
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Table 3.8: Depth Scaling of MHA Blocks

Device Compiler Width Batch Size 8 Batch Size 16
Slope Retention Slope Retention

GPU TensorRT 128 0.8207 1.404 1.028 0.556
GPU TensorRT 256 0.6369 0.6935 0.8831 1.471
GPU ONNX 128 0.3594 2.187 0.3106 0.83
GPU ONNX 256 0.3406 1.724 0.2929 0.9108
Orin TensorRT 128 0.05291 1.178 0.173 0.9055
Orin TensorRT 256 0.08368 0.95 0.1488 1.629
Xeon ONNX 128 0.04244 1.105 -0.01775 1.018
Xeon ONNX 256 0.01867 1.031 0.0215 0.9735
Xeon OpenVINO 128 0.1113 1.115 0.1355 0.9635
Xeon OpenVINO 256 0.1589 1.577 0.1015 1.029

Vendor-speci�c compilers achieve increasing throughput with depth by exploiting
repeated block structures for deeper fusion and lower launch overhead. Convolutional
blocks (Conv� BatchNorm� ReLU) show superlinear scaling under TensorRT and
OpenVINO, as their regular patterns enable kernel tiling and fusion. Transformer-style
blocks (QKV� Softmax� Add� Norm) saturate early since inter-layer dependencies
hinder intra-block fusion, producing additive rather than multiplicative gains. Depth
interacts multiplicatively with batch size: GPUs favor deep, narrow models, while
CPUs bene�t from shallower, wider ones due to cache and scheduling limits. Repeated
simple patterns yield disproportionate e�ciency in constrained settings, emphasizing
compiler-aware design that favors regular, fusable structures.

Batch Parallelization Scaling E�ciency

From both Figure 3.6 and Figure 3.7, it is apparent that increasing the batch size
signi�cantly in�uences the throughput rate, and di�erent compilers exhibit varying
behavior. Figure 3.8 contrasts between architectural styles explicitly to show how
increasing the batch size decreases the scaling e�ciency despite increasing the raw
throughput.

As performance saturates at higher batch sizes, the throughput gain from paralleliza-
tion diminishes. Apache TVM shows considerable but inconsistent scaling e�ciency
for convolutional-based architectures on the GPU. This is expected due to TVM's
search-heuristic-based optimization, i.e., we must start a new search for each batch size.
Conversely, the scaling e�ciency decay of TensorRT is more predictable, as it is consistent
with negligible variance.

To account for varying compute capacities, and to provide information on relative
improvement over the dynamic computational graph baseline, Figure 3.9 plots the batch
scaling resilience (Section 3.2.3) for each architectural style.
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Figure 3.8: Contrasting ASE (higher is better) of architectural styles.

TensorRT has BSR� 1 across most architectures, which implies consistent throughput
gains over the baseline. Note that a BSR below 1 implies steeper e�ciency losses relative
to the baseline. We argue that a BSR below 1.0 indicates that there are potentially further
opportunities for optimization that the compiler has missed. The intuition is that if the
compiler has found a global maximum, the drop in scaling e�ciency should beat worst
consistent between the unoptimized dynamic and the optimized compiled computational
graph. In particular, the erratic results of TVM demonstrate that speci�c optimizations
exist that the corresponding vendor does not adequately consider, but they are challenging
to �nd. For example, applying TVM to the mid-sized DeiT shows signi�cantly higher
resilience than OpenVINO on the Xeon CPU. Conversely, the resource-constrained Orin
shows a BSR of roughly 1.0 across transformer-based architectures for all sizes while
showing substantial throughput gains for the same architecture. However, especially
for smaller architectures, the BSR of TensorRT on the comparatively powerful GPU is
consistently below 1.0.

The results indicate a consistent relationship between compiler optimization strategy
and runtime saturation behavior. When scaling e�ciency decreases at larger batch
sizes, it often re�ects limited overlap between data movement and computation once the
compiler's kernel fusion scope is reached.
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Figure 3.9: Contrasting BSR (higher is better) of architectural styles.

We conjecture that Vendor-speci�c compilers maintain near-constant BSR because their
fusion templates are tuned for common convolutional and attention patterns. In contrast,
search-based approaches such as TVM show irregular scaling since each batch con�gura-
tion exposes a di�erent optimization boundary. Hence, compiler e�ciency does not grow
smoothly with batch size but changes discretely with internal scheduling thresholds. For
evaluation design, benchmarking a single batch con�guration can overestimate scalability.
Measuring ASE and BSR across several batch-width regimes provides a more accurate
view of achievable throughput. Compilers with stable BSR values yield predictable
latency�throughput trade-o�s, which is preferable for systems that rely on dynamic
batching or experience variable workload intensity.

The Batch Scaling Resilience (BSR) metric uncovers compiler-speci�c optimization
patterns, demonstrating that TensorRT achieves consistent scaling pro�les (BSR� 1)
for most architectures while TVM shows erratic but occasionally superior resilience
for speci�c model-hardware combinations. The results show that compilers can more
easily optimize for resource e�ciency when resources are scarce. When resources are
abundant, BSR values below 1.0 suggest that further optimizations are possible.
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Batch-Width Scaling Friction Mitigation

We investigate whether compilers can mitigate the batch-width scaling friction described
in De�nition 1 block-level experiments.

(a) Convolutional Blocks (Depth=6)

(b) MHA Blocks (Depth=6)

Figure 3.10: Heatmaps plotting the e�ect of width on ASE.

The batch-width friction is directly apparent from Figure 3.10. On all device-compiler
pairs, the scaling e�ciency decreases faster for wider networks, but the rate varies.
As we increase the width for a block, the e�ciency scaling drops considerably faster
from one batch size to the next larger batch size. However, to account for hardware
di�erences and to compare with the baseline dynamic computational graph Figure 3.11
plots the BSR for three depth con�gurations. Successful optimization on the CPU shows
improved parallelization rates even at higher batch sizes. Increasing the depth tends
to moderately improve BSR for TensoRT, arguably for the same reasons as outlined in
Section 3.2.4. TorchScript slightly mitigates the scaling friction for some con�gurations
through intra-ops parallelization, which is expected. A BSR value higher than one implies
that scaling e�ciency decreases more gracefully relative to the uncompiled dynamic graph.
This is best seen with OpenVINO. For the convolutional blocks, it can considerably
mitigate the e�ciency decrease by exploiting the multiple cores. The results indicate
that batch-width scaling friction primarily stems from memory-bandwidth contention
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(a) Depth = 1

(b) Depth = 3

(c) Depth = 6

Figure 3.11: Contrasting BSR between convolutional and MHA blocks.

and kernel-launch serialization as tensors expand laterally. Increasing the width increases
synchronization cost between fused operations, which reduces e�ective parallel overlap
within compute units. Compilers may mitigate this by restructuring fusion boundaries
and adjusting tile granularity. Vendor-speci�c compilers such as TensorRT rely on
pre-de�ned fusion templates and optimized CUDA launch graphs, which bene�t deep
but narrow con�gurations where per-kernel reuse is high. Conversely, OpenVINO's
thread-level parallelism distributes wide tensor partitions across cores, explaining its
stronger friction mitigation for convolutional blocks. Transformer-based blocks see greater
friction because attention layers may introduce irregular memory access and residual
connections that hinder static scheduling. Consequently, compilers can only partially
amortize the width-induced overhead through operator fusion. In practice, this implies
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that widening layers should be balanced against attainable batch parallelism under the
target compiler: depth scaling favors environments with GPUs, whereas moderate width
scaling with multi-core exploitation is preferable on CPU-based deployments. These
interactions highlight that compiler-aware architecture design can reduce scaling friction
without altering model semantics, emphasizing the need to evaluate joint width-batch
trade-o�s during system optimization.

Batch-width scaling friction originates from increased memory synchronization and
reduced kernel reuse as model width expands. Compilers di�er in their ability to restruc-
ture execution to o�set this loss. Vendor-speci�c compilers such as TensorRT mitigate
friction through deep-kernel fusion and launch-graph optimization, favoring narrow
but deep con�gurations. OpenVINO may achieve stronger mitigation for convolutional
blocks by distributing wider tensor partitions across CPU cores. Transformer-style
blocks are limited by irregular memory access and residual dependencies that can
hinder static fusion. Overall, e�ective friction mitigation depends on the compiler's
capacity to balance fusion depth with parallel partitioning, implying that width scaling
should be aligned with the underlying compiler�hardware concurrency model.

Resource Usage Reduction

From Table 3.6 it is apparent that when compilers successfully optimize the graph to
have considerable throughput gains, the CPU usage increases on the Xeon where there is
no dedicated GPU. On the GPU server and the Jetson board, TensorRT can decrease
the CPU usage - marginally on the powerful server and signi�cantly on the constrained
Jetson board. TensorRT on GPU leverages static-graph capture and aggressive kernel
scheduling to slash CPU-side launch overhead, which on the constrained Jetson Orin's
SoC shows up as CPU-usage drops. On a higher-end GPU Server, these savings are
negligible.

Figure 3.12: The left Y-axis (solid line) shows the absolute CPU usage. The left Y-
axis (dashed line) shows the relative CPU reduction. When the batch size increases,
throughput performance saturates on the GPU, such that the CPU usage reduces.

Figure 3.12 directly compares the CPU usage of TensorRT on the compiled network
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and the baseline on all architectural families on the Orin device. Notice that for the
transformer-based architectures, particularly for the Swin family, there is up to 80%
reduction in CPU usage. This is valuable in constrained environments that perform
auxiliary tasks on the CPU. For example, in [FZR+ 25], interference from pre- and
post-processing on the CPU was negligible on smaller models but adversely a�ected the
throughput of larger models.

Applying compilers on devices with a dedicated accelerator can signi�cantly reduce
CPU utilization (up to 80%) through static-graph capture and kernel scheduling
optimizations. This reduction is particularly valuable in edge computing scenarios
where horizontal scaling is limited and CPUs may handle concurrent auxiliary tasks.
These �ndings indicate compiler selection should consider both throughput and resource
utilization metrics when deploying neural networks in resource-constrained edge-cloud
systems.

Discussion

Our �ndings are largely consistent with prior benchmarking work, though our scope
di�ers methodologically. Earlier studies typically focus on isolated compilers or per-
operation performance, whereas our evaluation integrates compiler e�ects into end-to-end
model benchmarking. Consistent with Zhou & Yang [ZY22] and Li et al. [LLL+ 21], we
observe that vendor-speci�c compilers (e.g., TensorRT, OpenVINO) achieve superior
throughput due to aggressive fusion of supported operator patterns. However, unlike
Xing et al. [XWW + 19], who report stable performance ordering across architectures, our
cross-compiler evaluation shows that compilation can invert relative throughput rankings
when optimization coverage diverges. This apparent inconsistency arises from di�erences
in experimental design, explained by our methodology using fully compiled workloads
on heterogeneous edge�cloud hardware rather than operation-level microbenchmarks.
Moreover, while Zhang et al. [ZLC+ 22, ZCC+ 24] attribute performance variance across
libraries to framework di�erences, our results subsume their �nding that underlying
compiler optimizations are the decisive factor. In summary, our work is complementary
to earlier studies by extending the benchmarking dimension from framework-level to
compiler-level and providing diagnostic metrics such as BSR for future analyses.

3.3 Summary

The chapter introduced a framework for incorporating compiler e�ects throughout the
research process for Edge-Cloud systems relying on NNs. Empirical analysis demonstrated
that optimizations can completely invalidate performance expectations by systematically
analyzing compiler behavior across heterogeneous platforms. The introduced Batch
Scaling Resilience metric quanti�es a compiler's ability to mitigate performance friction
as batch size increases. Block-level experimentation con�rmed that simple compositions
with widely supported operations provide signi�cant advantages in resource-constrained
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environments, as compilers e�ectively leverage repeated patterns for disproportionate
throughput gains. However, despite our comprehensive analysis, the evaluation relies
on a �nite heterogeneous testbed, which does not capture the full diversity of emerging
accelerator architectures. Scaling the methodology to distributed settings or deployments
that include model compression is left for future investigation.
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CHAPTER 4
Neural Feature Compression

This chapter handles the demands of latency-sensitive and performance-critical applica-
tions by e�ciently reducing transmission costs. E�cency here implies (I) the operator
need not know about client tasks, (II) latency reduction from lower transmission costs,
and (III) preserving enough information for (near-)lossless prediction performance. The
encoder design is purposefully simple, consisting of vanilla convolutional layers, as the
previous chapter has shown that this layer type sees the most consistent support across
vendors.

4.1 Shallow Variational Bottleneck Injection

The section describes the core method for addressing the need for e�cient bandwidth
reduction from ANN inference requests. It �rst provides a broad overview of existing
approaches and discusses their limitations.

4.1.1 Introduction

Problem domains relying on ANN inference range from Computer Vision (CV) [VDDP18]
to Natural Language Processing (NLP) [OMK20]. Complementary with the advancements
in mobile edge computing (MEC) [FHZ+ 22] and energy-e�cient accelerators, visions of
intelligent city-scale platforms for demanding applications, such as mobile augmented
reality (MAR) [ RHS+ 21b], disaster warning [TD22], or facilities management [XAD + 22],
are increasingly feasible. Progress in energy-e�cient ASICs and embedded AI with
model compression, such as quantization, pruning, or knowledge distillation, may permit
constrained devices to host lightweight ANNs. Yet, irrespective of advancements for
local computing, network providers see unprecedented growth in Machine-to-Machine
(M2M) communication [ Cis20] from mobile clients. The same methods that facilitate
local computing on constrained devices are also applicable to large models, and when
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prediction performance is critical, it is preferable to o�oad requests to the most accurate
model available. Moreover, hosting foundational models is convenient as it gives operators
more control over optimizing inference [FD22] and reduces the maintenance overhead as
a single model may accommodate various tasks [JT21, ANK + 25]. Besides leaving local
resources idle, the downside to o�oading is that by constantly streaming high-dimensional
visual data, the limited bandwidth will inevitably lead to network congestion, resulting
in erratic response delays. As discussed in Section 1.2 and Section 2.2.7, Split Computing
(SC) emerged as an alternative to alleviate ine�cient resource utilization and to facilitate
latency-sensitive and performance-critical inference. To recap, the idea is to partition an
ANN to process the shallow layers with the client and send a processed representation to
the remaining deeper layers deployed on a server. SC can draw resources from the entire
edge-cloud compute continuum, but its applications are limited. They assume extremely
constrained conditions, are tailored toward speci�c neural network architectures, and
break server-side transparency. We identify two critical design �aws of SC that render
them impractical in MEC. First is forcing the requirement for reducing server-side
workload when there is signi�cant resource asymmetry. Second is the black-box approach
that treats ANN inference as a special workload.

4.1.2 Related Work

Neural Data Compression

Image Compression Lossy image compression minimizes bitrates given a constraint
on the distortion or perceptual quality of the reconstruction [BM19, Sha59]. Transform
coding is a basic framework of lossy compression, which divides the compression task into
decorrelation and quantization [Goy01]. Decorrelation reduces the statistical dependencies
of the pixels, allowing for more e�ective entropy coding, while quantization represents
the values as a �nite set of integers. The core di�erence between handcrafted and learned
methods is that the former relies on linear transformations based on expert knowledge.
Contrarily, the latter is data-driven with nonlinear transformations learned by neural
networks [BCM+ 20].

Ballé et al. introduced the Factorized Prior (FP) entropy model and formulated the
neural compression problem by �nding a representation with minimal entropy [BLS17].
An encoder network transforms the original input to a latent variable, capturing the
input's statistical dependencies. In follow-up work, Ballé et al. [BMS+ 18] and Minnen et
al. [MBT18] extend the FP entropy model by including a hyperprior as side information for
the prior. Minnen et al. [ MBT18] introduce the joint hierarchical priors and autoregressive
entropy model (JHAP), which adds a context model to the existing scale hyperprior latent
variable models. Typically, context models are lightweight, i.e., they add a negligible
number of parameters, but their sequential processing increases the end-to-end latency
by orders of magnitude. The empirical analysis will describe and include more recent
methods as baselines.
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Feature Compression Singh et al. demonstrate a practical method for the Information
Bottleneck principle in a compression framework by introducing the bottleneck in the
penultimate layer and replacing the distortion loss with the cross-entropy for image
classi�cation [AMT + 17]. Dubois et al. generalized the VIB for multiple downstream
tasks and were the �rst to describe the feature compression task formally [DBRUM21].
However, their encoder-only CLIP compressor has over 87 million parameters. Both
Dubois and Singh et al. consider feature compression for mass storage, i.e., they assume
the data is already present at the target server. In contrast, we consider how resource-
constrained clients must �rst compress the high-dimensional visual data before sending it
over a network. Closest to our work is the Entropic Student (ES) proposed by Matsubara
et al. [MYLM23 , MYLM22 ], as we follow the same objective of real-time inference with
feature compression. However, the ES exhibits the same limitations as other bottleneck
injection methods. We carefully examine the problem domain of resource-conscious
feature compression to identify underlying issues with current methods, allowing us to
derive training objectives and decoder designs with signi�cantly better performance.

Split Computing

We focus on Split Computing (SC) and distinguish between two orthogonal approaches.
SC corresponds to depthwise partitioning discussed in Section 2.2.7. Widthwise partition-
ing is omitted, as the objective is to minimize request latency and bandwidth requirements
when o�oading requests to foundational models running on powerful hardware.

Split Runtimes are characterized by performing no or minimal modi�cations on
o�-the-shelf ANNs. The objective is to dynamically determine split points according to
the available resources, network conditions, and intrinsic model properties. Hence, split
runtimes primarily focus on pro�lers and adaptive schedulers. Kang et al. performed
extensive computational cost and feature size analysis on the layer-level characterizations
of ANNs and introduced the �rst split runtime system [ KHG + 17]. Their study has shown
that split runtimes are only sensible for ANNs with an early natural bottleneck, i.e., models
performing aggressive dimensionality reduction within the shallow layers. However, most
modern ANNs increase feature dimensions until the last layers for better representation.
Consequently, follow-up work focuses on feature tensor manipulation [LHJ+ 18, LVA + 20,
ALV + 22]. We argue against split runtimes since they introduce considerable complexity
and force operators to tune the system towards external conditions, with extensive
pro�ling and careful calibration. Additionally, runtimes raise overhead and another point
of failure by hosting a network-spanning system. Notably, even the most sophisticated
methods still rely on a natural bottleneck, evidenced by how state-of-the-art split runtimes
still report results on superseded ANNs with an early bottleneck [LZLG22, BMZ+ 23].

Arti�cial Bottleneck Injection retains the simplicity of o�oading by shifting the
e�ort towards modifying and re-training an existing base model (backbone) to replace
the shallow layers with an arti�cial bottleneck. Eshratifar et al. replace the shallow
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layers of ResNet-50 with a deterministic autoencoder network [EEP19]. A follow-up work
by Jiawei Shao and Jun Zhang further considers noisy communication channels [SZ20].
Matsubara et al. [MBC + 19], and Sbai et al. [SSTM21] propose a more general network
agnostic knowledge distillation (KD) method for embedding autoencoders, where the
output of the split point from the unmodi�ed backbone serves as a teacher.

4.1.3 The Case for Neural Data Compression

We assume an asymmetric resource allocation between mobile devices and servers, where
the latter has considerably higher computational capacity. Additionally, we consider large
models for state-of-the-art performance of non-trivial discriminative tasks unsuitable for
mobile clients.

Limitations of depthwise partitioning in Mobile Edge Computing

Figure 4.1 illustrates generic on/o�oading and split runtimes that illustrate how SC may
conditionally draw resources from two computational tiers when binary on- or o�oading
decision mechanisms will leave either client or server-side resources idle.

Figure 4.1: Prediction with on/o�oading and split runtimes

The caveat is that both SC approaches discussed in Section 4.1.2 are only conditionally
applicable. In particular, split runtimes reduce server-side computation for inference
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