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0.1 English Version

Safety-critical real-time systems that rely on AI-based object classification and detec-
tion for critical decision-making require strict guarantees of reliability and timing
correctness, as even minor deviations in behavior can lead to catastrophic conse-
quences. Integrating AI hardware accelerators into such real-time environments
therefore demands not only high computational throughput but also predictable and
analyzable execution behavior. Conventional accelerators, such as the Versatile Ten-
sor Accelerator (VTA), meet performance requirements but fall short in predictability
due to their event-driven execution model and limited timing control. This variability
introduces significant risks in scenarios where timely and deterministic inference is
essential. To address these limitations, this work adopts a time-triggered execution
paradigm for AI acceleration. It first introduces the Time-Triggered VTA (TT-VTA),
which replaces the non-deterministic behavior of the original VTA with a determinis-
tic counterpart based on statically defined, pattern-based timing schedules. These
schedules are generated offline at design time using a scheduler with a built-in simu-
lator for the VTA architecture. The scheduler further integrates additional simulation
frameworks: DRAMSim2 is used to model memory-related instructions, while a cycle-
accurate simulator captures compute-bound operations. Together, these components
enable precise timing analysis, deterministic resource utilization, and predictable
execution behavior. Evaluation with a CNN classification model shows that the TT-
VTA preserves classification accuracy while ensuring predictable execution, however
with a slight increase in inference latency (53 ms compared to 51 ms for conventional
VTA), indicating room for further optimization. Building on this foundation, the
Superscalar Time-Triggered VTA (STT-VTA) is proposed to improve performance
without sacrificing determinism. STT-VTA extends the architecture by exploiting
parallelism through multiple coordinated accelerator functional-units, whose con-
figuration is determined at compile time via an enhanced architecture management
and scheduling framework. This framework analyzes the computational structure
needed for the target AI model and generates optimized schedules that maintain
strict timing guarantees while increasing throughput. Experimental results demon-
strate that the STT-VTA achieves the same classification accuracy as both TT-VTA
and conventional VTA, while reducing inference latency by 17-41% compared to the
TT-VTA. With the STT-VTA, another challenge arose in managing memory-intensive
workloads, which introduce performance bottlenecks. To address this, the work
further incorporates deterministic caching and pre-fetching strategies, leading to the
Superscalar Time-Triggered VTA with Caching and Pre-fetching (STA-CP). Unlike
conventional dynamic approaches, these mechanisms are integrated directly into the
static scheduling process. At compile time, all tensor operations and memory transac-
tions are fully specified, enabling predictable data movement and efficient overlap
between computation and memory communication. By eliminating redundant mem-
ory accesses and hiding memory latency within a fully analyzable execution model,
STA-CP achieves improved throughput while preserving strict temporal determinism.
Experimental evaluation on different CNN classification models demonstrates up to
a 30% reduction in deterministic inference latency compared to TT-VTA. Overall, the
proposed STA-CP architecture demonstrates that the integration of time-triggered
execution, controlled parallelism, and deterministic memory-management techniques
can simultaneously achieve high performance and predictable execution behavior.
These characteristics are fundamental for deploying AI accelerators in safety-critical
real-time systems, where both computational correctness and strict timing guarantees
are essential.
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0.2 German Version

Sicherheitskritische Echtzeitsysteme, die für entscheidungsrelevante Aufgaben auf
KI-basierte Objekterkennung und -klassifikation angewiesen sind, erfordern strikte
Garantien hinsichtlich Zuverlässigkeit und zeitlicher Korrektheit, da selbst ger-
ingfügige Verhaltensabweichungen katastrophale Folgen haben können. Die In-
tegration von KI-Hardwarebeschleunigern in solche Echtzeitumgebungen verlangt
daher nicht nur eine hohe Rechenleistung, sondern auch ein vorhersehbares und
analytisch erfassbares Ausführungsverhalten. Konventionelle Beschleuniger, wie
der Versatile Tensor Accelerator (VTA), erfüllen zwar die Leistungsanforderungen,
weisen jedoch aufgrund ihres ereignisgesteuerten Ausführungsmodells und der
begrenzten zeitlichen Kontrollierbarkeit eine eingeschränkte Vorhersagbarkeit auf.
Diese Variabilität stellt ein erhebliches Risiko in Szenarien dar, in denen eine zeit-
gerechte und deterministische Inferenz essenziell ist. Zur Adressierung dieser Limi-
tationen verfolgt diese Arbeit daher ein zeitausgelöstes Ausführungsparadigma für
KI-Beschleunigung. Zunächst wird der Time-Triggered VTA (TT-VTA) eingeführt, der
das nicht-deterministische Verhalten des ursprünglichen VTA durch eine determin-
istische Variante ersetzt, die auf statisch definierten, musterbasierten Zeitschemata
basiert. Diese Schedules werden offline im Entwurfszeitpunkt mithilfe eines Sched-
ulers mit integriertem Simulator für die VTA-Architektur erzeugt. Der Scheduler
integriert zudem zusätzliche Simulationsframeworks: DRAMSim2 wird zur Model-
lierung speicherbezogener Instruktionen eingesetzt, während ein zyklusgenauer Sim-
ulator rechenintensive Operationen erfasst. Zusammengenommen ermöglichen diese
Komponenten eine präzise Zeitanalyse, eine deterministische Ressourcennutzung
sowie ein vorhersagbares Ausführungsverhalten. Die Evaluation mit einem CNN-
Klassifikationsmodell zeigt, dass der TT-VTA die Klassifikationsgenauigkeit beibehält
und gleichzeitig ein vorhersagbares Ausführungsverhalten gewährleistet, jedoch mit
einer leichten Erhöhung der Inferenzlatenz (53 ms gegenüber 51 ms beim konven-
tionellen VTA), was Optimierungspotenzial aufzeigt. Aufbauend auf dieser Grund-
lage wird der Superscalar Time-Triggered VTA (STT-VTA) vorgeschlagen, um die Leis-
tung zu steigern, ohne die Deterministik zu beeinträchtigen. Der STT-VTA erweitert
die Architektur durch die Ausnutzung von Parallelität mittels mehrerer koordinierter
Beschleuniger-Funktionseinheiten, deren Konfiguration zur Compile-Zeit durch ein
erweitertes Architektur- und Scheduling-Framework bestimmt wird. Dieses Frame-
work analysiert die für das Ziel-KI-Modell erforderliche Rechenstruktur und erzeugt
optimierte Schedules, die strikte Zeitgarantien einhalten und gleichzeitig den Durch-
satz erhöhen. Die experimentellen Ergebnisse zeigen, dass der STT-VTA dieselbe Klas-
sifikationsgenauigkeit wie sowohl TT-VTA als auch der konventionelle VTA erreicht,
während die Inferenzlatenz im Vergleich zum TT-VTA um 17–41% reduziert wird. Im
Kontext des STT-VTA trat jedoch eine weitere Herausforderung bei der Verarbeitung
speicherintensiver Workloads auf, die zu Performance-Engpässen führen. Zur Lö-
sung dieses Problems werden deterministische Caching- und Pre-fetching-Strategien
integriert, was zum Superscalar Time-Triggered VTA mit Caching und Pre-fetching
(STA-CP) führt. Im Gegensatz zu konventionellen dynamischen Ansätzen sind diese
Mechanismen direkt in den statischen Scheduling-Prozess eingebettet. Bereits zur
Compile-Zeit werden alle Tensoroperationen und Speichertransaktionen vollständig
spezifiziert, wodurch eine vorhersagbare Datenbewegung sowie eine effiziente Über-
lappung von Rechen- und Speicheroperationen ermöglicht werden. Durch die Eli-
minierung redundanter Speicherzugriffe und das Verbergen von Speicherlatenzen
innerhalb eines vollständig analysierbaren Ausführungsmodells erreicht STA-CP
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einen verbesserten Durchsatz bei gleichzeitiger Wahrung strikter zeitlicher Determin-
istik. Die experimentelle Evaluierung verschiedener CNN-Klassifikationsmodelle
zeigt eine Reduktion der deterministischen Inferenzlatenz um bis zu 30% im Ver-
gleich zum TT-VTA. Insgesamt zeigen die vorgeschlagenen STA-CP-Architekturen,
dass die Kombination aus zeitausgelöster Ausführung, kontrollierter Parallelität und
deterministischen Speicherverwaltungstechniken gleichzeitig hohe Leistung und
vorhersagbares Ausführungsverhalten ermöglichen kann. Diese Eigenschaften sind
grundlegend für den Einsatz von KI-Beschleunigern in sicherheitskritischen Echtzeit-
systemen, in denen sowohl rechnerische Korrektheit als auch strikte Zeitgarantien
essenziell sind.
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Chapter 1

Introduction

1.1 Problem Statement

Artificial Intelligence (AI) is increasingly prevalent across various application do-
mains due to its impressive performance in industrial technologies, including au-
tonomous vehicles, aerospace, robotics, and medical applications. The deployment
of AI models in such safety-critical systems has rapidly expanded due to their un-
matched capabilities in data processing, automation, and decision-making [1]. Lever-
aging the predictive ability of AI models, particularly Deep Neural Networks (DNNs),
these systems have demonstrated significant advantages in identifying patterns, mak-
ing complex classifications, and managing intricate tasks. However, unlike traditional
systems, AI and ML models pose unique challenges in safety-critical applications [2],
where predictability, reliability, and transparency are paramount to ensure human
safety and regulatory compliance [3, 4].

To address these challenges, a range of technical solutions, methodologies, and
standards has been proposed to facilitate the development of reliable and trustwor-
thy AI models. Explainable Artificial Intelligence (XAI) techniques [5], for example,
are employed to improve the interpretability and validation of model outputs by
providing insight into the underlying decision-making processes. To mitigate vul-
nerabilities to adversarial inputs, robust training and testing approaches have been
developed to enhance model resilience against unexpected or manipulated input
and training data [6]. In addition, formal verification methods, including runtime
monitoring [7] and model checking [8], are applied to ensure that models comply
with predefined safety requirements during operation. Complementary frameworks,
such as Safety of the Intended Functionality (SOTIF) [9] and model-based testing,
further support the verification and validation of AI systems operating in dynamic
real-world environments.

At the same time, industrial safety standards have evolved to address the growing
integration of AI and ML technologies, introducing rigorous safety measures tailored
to these systems. Standards such as ISO 26262 for automotive functional safety,
ISO/PAS 21448 (SOTIF) [9] for managing limitations in AI-based automotive systems,
and DO-178C for aviation software assurance have increasingly expanded their
scope to incorporate ML-related considerations. These standards establish structured
processes for the design, development, verification, and validation of AI and ML
components, helping to ensure compliance with stringent safety requirements for
deployment in safety-critical applications. Likewise, standards such as IEC 61508 for
industrial functional safety and ISO 13485 for medical device quality and reliability
define requirements for deterministic, fail-safe operation and comprehensive system
validation, thereby supporting the suitability of AI-enabled components for high-
assurance environments.
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However, ensuring that a trained AI model is inherently trustworthy and achieves
high predictive accuracy is not sufficient to guarantee correct and predictable be-
havior when deployed within safety-critical systems. In practice, reliability must be
considered at the system level, where both the model and its execution environment
jointly determine overall behavior under operational constraints.

A representative example can be found in autonomous driving systems, where
multiple software applications execute concurrently on a shared computing plat-
form [10]. While AI-based perception functions perform object detection, classifi-
cation, and lane recognition, other safety-critical tasks such as vehicle control, lo-
calization, sensor fusion, and communication services simultaneously compete for
computational and memory resources. As a result, contention for shared resources,
particularly memory bandwidth and communication buses, can introduce significant
delays and timing variability in AI inference execution. Such delays may lead to
outdated perception information being delivered to the decision-making and control
layers, potentially affecting the vehicle’s ability to react within the required safety
margins. Similar challenges arise in other safety-critical domains, including industrial
automation, avionics, and medical systems, where predictable execution behavior
and bounded response times are essential.

In this context, the underlying hardware platforms on which AI models are
executed introduce additional challenges in achieving the real-time performance,
reliability, and determinism required in safety-critical applications. Modern high-
performance computing (HPC) systems, for instance, commonly employ heteroge-
neous architectures comprising CPUs and GPUs to exploit substantial parallelism.
This is particularly advantageous for compute-intensive AI workloads such as in-
ference and deep learning training, as it enables efficient processing of large-scale
datasets [11]. However, despite these benefits, such platforms are typically energy-
intensive and often struggle to satisfy strict real-time requirements due to overheads
and latency introduced by dynamic task scheduling, inter-node communication, and
distributed memory management [12, 13].

In contrast, embedded hardware platforms increasingly integrate multiple compu-
tational resources—including CPUs, AI engines, and AI accelerators—within highly
constrained system architectures [4]. Given their limited computational and energy
budgets, these systems require extensive sharing of critical resources such as mem-
ory subsystems, interconnect buses, and input/output devices [13]. Consequently,
resource contention and execution interference become more prevalent [14], leading
to non-determinism and variability in inference execution times—an effect that is
particularly problematic in safety-critical environments.

Addressing these architectural challenges is therefore essential to improving the
reliability and predictability of AI-enabled embedded systems in safety-critical do-
mains. One promising approach is the use of dedicated AI hardware accelerators to
support and expedite inference execution on silicon platforms such as FPGAs, along-
side general-purpose CPUs. By offloading computationally intensive AI workloads,
these accelerators allow CPUs to execute other tasks concurrently, improving overall
system efficiency. However, to satisfy real-time constraints, such accelerators must
also provide deterministic execution behaviour, including both spatial and temporal
isolation capabilities [15], thereby contributing to system-level safety guarantees. This
introduces key design requirements for AI hardware accelerators in safety-critical
systems:

1. Spatial requirements: Hardware accelerators should ensure spatial isola-
tion [15], such that concurrent processes or tasks do not interfere with one
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another. This can be achieved through resource partitioning, dedicated memory
regions, and isolated execution units. By enforcing spatial separation, interfer-
ence between tasks is minimised [16], thereby improving system reliability.

2. Temporal requirements: Temporal determinism is essential for safety-critical
systems [17] that require real-time capabilities. Hardware accelerators should
be able to guarantee that tasks are completed within specified time frames. This
can be achieved through time-triggered architectures, where tasks are scheduled
to execute at precise intervals, and by utilizing real-time operating systems that
manage task execution based on priorities and deadlines. Ensuring temporal
determinism helps in maintaining the predictability [18] of the system, which is
essential for making timely decisions.

Therefore, the following research questions are addressed in this thesis:

• Q1: How can AI hardware accelerators be designed to provide deterministic
and WCET-analyzable inference execution for safety-critical real-time sys-
tems?
This question investigates how time-triggered execution models, static schedul-
ing, and predictable resource management can be used to replace the non-
deterministic behaviour commonly found in conventional AI accelerators.

• Q2: How can the performance of AI hardware accelerators be improved
through parallelism without affecting determinism?
This question explores how architectural design choices such as superscalar par-
allelism, deterministic memory management, and model-specific specialization
influence throughput, resource utilisation, and system adaptability.

• Q3: How can memory interference be eliminated while hiding memory
latency and maintaining high inference performance?
This question focuses on mitigating timing latencies caused by shared-memory
utilisation and investigates how AI hardware accelerator architectures can
benefit from static latency-hiding strategies, such as deterministic caching and
static pre-fetching.

1.2 Objective

In this research, our primary focus revolves around the exploration and further
advancements of an AI hardware accelerator known as the "Versatile Tensor Ac-
celerator" (VTA) [19, 20]. Although this accelerator already enhances the speed of
inference operations, it operates in an event-triggered fashion, lacking predictability
and determinism during execution, particularly when dealing with shared resources
like Dynamic Random Access Memories (DRAMs). A notable challenge arises from
potential memory interference when the VTA attempts simultaneous read and write
operations on the DRAM, while another API is performing operations on the same
memory.

Our objective is to improve the functionalities of the VTA architecture, specifically,
by introducing the concept of time-triggered inference, denoted as TT-VTA. This
improvement aims to enhance the predictability and determinism of the design while
mitigating interference in shared resources. The key element of this improvement is
the development and integration of a time-triggered dispatcher (TT-dispatcher) into
the VTA architecture. The TT-dispatcher relies on timing schedules to orchestrate the
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execution of tensor operations (i.e., instructions) associated with the CNN models
(e.g., ResNet and YOLO families).

To derive the timing schedules, we developed a dedicated Scheduler with built-in
simulator. This scheduler generates precise design-time execution schedules that
are essential for enabling deterministic execution of tensor operations within the TT-
VTA architecture at run time. Consequently, the objective of this work is to provide
an innovative solution that transforms the VTA into a time-triggered architecture,
thereby improving predictability, determinism, and resource management.

Although the proposed TT-VTA already enhances the predictability and determin-
ism of inference operations, its performance can be further optimized by introducing
pipelining [21, 22]. We focused on enabling superscalar pipelining for the Versatile
Tensor Accelerator (VTA) [19, 20]. Therefore, we aimed to optimize the inference exe-
cution process by extending the scheduler with built-in simulator to analyze tensor
operations within a given AI model. This extension identifies potential pipelining
optimizations and, based on the analysis, determines the number of additional VTA
functional units (i.e., VTA modules) required to achieve faster inference than a single
(TT-)VTA architecture. This approach enables the selection of an optimized STT-VTA
architecture tailored to the analyzed model. Additionally, the scheduler generates
timing schedules for the identified STT-VTA modules, supporting a synchronized
and coordinated inference execution process at run time. Meanwhile, the STT-VTA
adheres to stringent safety requirements for safety-critical real-time systems such as
eliminating interference from shared resources to minimize timing variability during
inference execution.

However, the STT-VTA architecture still faces inherent limitations related to mem-
ory subsystem inefficiency. Since intermediate feature maps and partial results must
be repeatedly exchanged with the FPGA’s off-chip DRAM, the system’s throughput
is bounded by the external memory latency. Although the time-triggered model of
the STT-VTA eliminates nondeterminism, it also enforces serialized data movement
from/to the off-chip memory to preserve isolation, leading to underutilization of
its tensor cores (i.e., compute units). Consequently, STT-VTA struggles to scale per-
formance for models with heavy feature-map reuse or high activation bandwidth
requirements.

In general-purpose high-performance computing systems, caching and pre-fetching
have long been the dominant techniques for hiding memory latency, exploiting spatial
and temporal locality, and improving effective bandwidth utilisation. By keeping
frequently accessed data closer to the processing units and proactively anticipating
future memory accesses, these mechanisms can significantly improve throughput
and energy efficiency. However, conventional cache hierarchies typically rely on
dynamic policies, such as least-recently-used (LRU) replacement and speculative
pre-fetching based on runtime behaviour and predicted memory access patterns. As
a result, these mechanisms inherently introduce non-deterministic access latencies
and potential interference among concurrent threads or processes. This lack of tem-
poral predictability makes conventional caching approaches unsuitable for real-time
execution models that require formally verifiable timing guarantees [23, 24, 25].

This work challenges the traditional view that caching and pre-fetching must
inherently be non-deterministic. We argue that when these techniques are reimagined
within a time-triggered execution framework, they can retain their performance
benefits while achieving complete predictability. The key insight is that if every cache
access, replacement, and pre-fetch operation is scheduled at compile time—rather
than dynamically decided at runtime—then the utilization and the behavior of the
entire memory subsystem can become analyzable and deterministic.
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To realize this concept, we propose the Superscalar Time-Triggered Versatile Ten-
sor Accelerator with Caching and Pre-fetching (STA-CP), a deterministic architecture
that extends the STT-VTA by integrating on-chip cache hierarchies and predictive
pre-fetching mechanisms as core architectural components. Unlike conventional
accelerator designs that rely on dynamic runtime heuristics, STA-CP employs stati-
cally defined, time-triggered cache and memory operations. Consequently, all data
transfers and cache accesses are executed according to predetermined schedules
synchronized with the global execution timeline, thereby ensuring predictable and
temporally deterministic system behaviour.

Consequently, STA-CP integrates two complementary memory management
strategies:

1. Deterministic Caching: On-chip BRAM is organized as a statically managed
cache, where data placement and reuse schedules are determined entirely
at compile time. This deterministic cache holds intermediate feature maps
and frequently reused tensors, eliminating redundant DRAM transactions and
significantly reducing off-chip bandwidth requirements. Because all cache oper-
ations are predefined, their timing behavior is analyzable and free of runtime
uncertainty.

2. Static Pre-fetching: Data required by future tensor cores (i.e., compute units)
within the STA-CP are proactively fetched from DRAM/BRAM according to
compile-time analysis of the execution graph. Each pre-fetch transaction is
assigned a timestamp aligned with known memory-idle intervals, allowing
data transfer and computation to overlap deterministically. This eliminates
pipeline stalls and ensures continuous utilization of compute units without
compromising temporal isolation.

By unifying these mechanisms within a superscalar time-triggered execution model,
STA-CP achieves a balance previously thought unattainable: high computational
throughput with full temporal determinism. The design effectively bridges the gap
between the performance-oriented practices of high-performance computing and the
analyzability requirements of real-time embedded systems.

1.3 Thesis Structure

Figure 1.1 illustrates the overall structure and logical progression of this thesis. The
organization follows a stepwise development process that begins with the theoretical
foundations and state-of-the-art background, and then incrementally evolves toward
the design, optimization, analysis, and validation of deterministic AI hardware
accelerators for safety-critical real-time systems.

Chapter 1 introduces the motivation, research challenges, objectives, and con-
tributions of the thesis. In particular, the chapter discusses the growing need for
deterministic and predictable AI acceleration in safety-critical systems and outlines
the research questions addressed throughout the thesis.

Chapter 2 presents the fundamental concepts and a comprehensive state-of-the-
art analysis through an extensive literature review. The chapter discusses existing
AI accelerator architectures, deterministic and time-triggered computing systems,
memory-management techniques, superscalar execution approaches, caching and
pre-fetching strategies, as well as relevant FPGA and AI software frameworks. Fur-
thermore, the chapter identifies the major limitations of existing approaches regard-
ing predictability, timing determinism, resource contention, and WCET analyzability.
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FIGURE 1.1: Thesis Structure

Based on this analysis, the research gap motivating the proposed architectures is
established.

Chapter 3 introduces the complete development process of the proposed deter-
ministic AI hardware accelerators. The chapter explains the end-to-end toolchain and
design flow used throughout the thesis, including AI-model generation, instruction
extraction using Apache TVM/VTA, cycle-accurate timing analysis, DRAM simula-
tion, static scheduling, architecture generation, FPGA synthesis, and deployment.

Chapter 4 presents the first proposed architecture, namely the Time-Triggered
Versatile Tensor Accelerator (TT-VTA). This chapter introduces the transformation of the
original event-triggered VTA into a deterministic time-triggered accelerator through
the integration of the Time-Triggered Dispatcher and statically generated timing
schedules. Furthermore, the chapter introduces the first version of the Scheduler with
Built-in Simulation (i.e., TT-VTA Scheduler) and demonstrates how deterministic
scheduling enables predictable inference execution and temporal isolation of shared
memory resources.

Chapter 5 extends the TT-VTA architecture toward controlled superscalar ex-
ecution through the introduction of the Superscalar Time-Triggered VTA (STT-VTA)
architecture. The chapter presents the second version of the Scheduler with Built-in
Simulation (i.e., STT-VTA Scheduler), which supports architecture specialization,
metadata adaptation, and controlled parallel execution of tensor operations. In addi-
tion, the chapter investigates the effects of superscalar execution on inference latency,
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resource utilization, and deterministic execution behavior.
Chapter 6 introduces the final architecture proposed in this thesis, namely the

Superscalar Time-Triggered VTA with Deterministic Caching and Pre-fetching (STA-CP).
This chapter extends the STT-VTA architecture by integrating deterministic cache
management and schedule-aware pre-fetching mechanisms. The chapter further
introduces the third version of the Scheduler with Built-in Simulation (i.e., STA-CP
Scheduler), which performs deterministic cache allocation, pre-fetch scheduling,
memory-access optimization, and architecture adaptation according to the analyzed
AI model. Moreover, the chapter evaluates the impact of deterministic caching and
pre-fetching on inference latency, memory utilization, and execution efficiency.

Chapter 7 presents the formal Timing Analysis of STA-CP. This chapter devel-
ops the analytical framework used to derive the Worst-Case Execution Time of the
proposed STA-CP architecture. It formalizes the timing semantics of the scheduler,
instruction execution model, memory-access behavior, deterministic cache operations,
and pre-fetching mechanisms. Furthermore, the chapter derives the mathematical
formulations required to analytically determine the WCET of the architecture under
deterministic execution constraints.

Chapter 8 focuses on the WCET Validation of STA-CP. The chapter validates the
analytical WCET model through simulation and hardware experimentation on FPGA
platforms. In particular, it compares the analytically derived WCET values against
measured execution latencies obtained from real hardware executions and evaluates
the accuracy, determinism, and composability of the proposed architecture.

Chapter 9 concludes the thesis, summarizes the achieved contributions, and eval-
uates the overall research outcomes with respect to the proposed research questions.

Finally, Chapter 10 outlines potential directions for future research on determinis-
tic AI acceleration.

As illustrated in Figure 1.1, the thesis follows a progressive architectural evolution.
Each chapter incrementally extends the previous architecture by introducing new
deterministic execution and optimization mechanisms. Starting from the determin-
istic execution model of TT-VTA, the work evolves toward superscalar parallelism
in STT-VTA and finally toward deterministic caching and pre-fetching in STA-CP.
The subsequent WCET-analysis and validation chapters then establish the analyt-
ical and experimental foundations required to demonstrate the predictability and
determinism of the final architecture for safety-critical real-time systems.
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Chapter 2

Basic Concepts and Literature
Review

The rapid advancement of Artificial Intelligence (AI), particularly Deep Neural
Networks (DNNs), has significantly transformed modern computing systems and
enabled major technological progress across a broad range of domains, including
autonomous driving [10], robotics [26], industrial automation [27], avionics [28],
healthcare [29], and cyber-physical systems [30, 31]. Modern AI models provide
highly accurate capabilities for object detection, classification, localization, semantic
understanding, sensor fusion, prediction, and autonomous decision making [32, 33,
34, 35]. Consequently, AI inference is increasingly being integrated into safety-critical
systems, where execution correctness, timing predictability, and bounded response
latency become fundamental requirements.

Despite the substantial computational capabilities achieved by contemporary AI
accelerators, deploying an AI model within safety-critical real-time systems remains
a major challenge. Most existing AI acceleration platforms have been primarily
designed for cloud computing, high-performance computing, and edge-inference
environments, where the dominant optimization objectives are throughput maximiza-
tion, average-case latency reduction, and energy efficiency [23, 36, 37, 38]. In contrast,
safety-critical systems impose fundamentally different requirements, including de-
terministic execution behavior, predictable resource utilization, temporal isolation,
analyzable Worst-Case Execution Time (WCET) and bounded latency [39, 40, 41, 42].

Most contemporary AI accelerator architectures achieve high performance through
runtime scheduling, dynamic arbitration, adaptive caching, speculative pre-fetching,
and dynamically managed memory hierarchies [23, 43, 44]. While these techniques
significantly improve average-case performance, they simultaneously introduce tim-
ing variability, execution nondeterminism, and contention over shared resources.
Consequently, such systems become difficult to analyze formally and unsuitable for
applications requiring strict timing guarantees [45, 46, 47].

This chapter reviews the current state of the art in AI acceleration and positions
the contributions of this thesis within the broader research landscape. The discussion
begins by outlining the requirements imposed by safety-critical AI systems, followed
by a review of existing AI software ecosystems and accelerator architectures. Sub-
sequently, memory-optimization techniques, deterministic computing approaches,
DRAM timing simulation frameworks, and FPGA development toolchains are dis-
cussed. Finally, the chapter concludes with a comparative analysis highlighting the
research gaps addressed by the proposed TT-VTA, STT-VTA, and STA-CP architec-
tures.
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2.1 Requirements of AI Accelerators for Safety-Critical Sys-
tems

Traditional AI accelerators are predominantly designed for throughput-oriented
environments such as cloud infrastructures, data centers, and consumer-oriented edge
devices [23, 36, 48]. In such systems, occasional timing variability is often acceptable
provided that overall throughput remains sufficiently high. However, executing AI
inference within safety-critical embedded systems introduces significantly stricter
requirements that extend beyond conventional performance metrics [39, 40].

One of the most important requirements is deterministic execution behavior.
Determinism refers to the ability of a system to exhibit identical temporal behavior
when executing identical workloads under identical conditions. In safety-critical sys-
tems, deterministic execution is essential because delayed or unpredictable responses
may directly compromise system safety. Standards such as ISO-26262 for automotive
systems, DO-178C for avionics, IEC-61508 for industrial automation, and EN-50128
for railway systems explicitly require predictable execution behavior and analyzable
timing guarantees [49, 50, 51, 52].

Unfortunately, modern AI accelerators inherently introduce timing variability due
to several architectural characteristics. These include runtime instruction scheduling,
dynamic memory arbitration, shared-resource contention, adaptive cache replace-
ment policies, speculative pre-fetching, and dynamically resolved dependencies [23,
44]. Several studies have identified shared-memory interference and bus contention as
major sources of timing unpredictability in heterogeneous embedded systems [46, 47,
53, 54, 55]. Since AI inference workloads heavily depend on continuous movement of
tensors, feature maps, activations, and weights between memory hierarchies, memory
contention becomes one of the dominant factors affecting inference predictability [48,
24].

Another major requirement is WCET analyzability. Safety-critical systems re-
quire formal or empirical upper bounds on execution latency to ensure that deadlines
are always satisfied [42]. Traditional Worst-Case Execution Time (WCET) analysis
techniques, which rely on static, predictable behavior for simple CPU pipelines, are
difficult to apply to AI accelerators because such accelerators have complex archi-
tectures and rely heavily on dynamic execution models, adaptive memory systems,
and runtime-managed resources [56, 57, 45, 41]. Consequently, several researchers
advocated time-triggered execution models and static scheduling techniques as mech-
anisms for improving predictability and analyzability [39, 40, 45].

Power efficiency also constitutes an important requirement in embedded and
cyber-physical systems. CPUs and GPUs generally provide high computational
throughput but often consume considerable amounts of energy due to speculative
execution, complex control logic, multi-threading, and large memory hierarchies [58].
FPGA-based accelerators, in contrast, provide improved energy efficiency through
customizable datapaths, dedicated hardware specialization, and reduced control
overhead [19, 59, 60]. Consequently, FPGA-based acceleration has emerged as a
highly attractive solution for embedded AI inference [61].

Finally, scalability and flexibility remain fundamental design considerations. AI
models continuously evolve, requiring accelerator architectures to support multiple
neural-network structures, tensor dimensions, and computational requirements [30,
31]. Balancing flexibility, performance, hardware utilization, and deterministic ex-
ecution therefore represents one of the central challenges in modern AI accelerator
research.
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2.2 AI Frameworks and Compilation Ecosystems

Modern Artificial Intelligence (AI) development is largely driven by high-level soft-
ware frameworks such as TensorFlow [62], PyTorch [63], Keras [64] and others. These
frameworks provide comprehensive environments for designing, training, and de-
ploying Machine Learning (ML) and Deep Learning (DL) models by abstracting
low-level implementation complexity. Their widespread adoption is primarily at-
tributed to efficient tensor computation, automatic differentiation, extensive software
ecosystems, and support for heterogeneous hardware acceleration.

At their core, these frameworks rely on tensor-based computation models and
computational graphs to represent neural network operations. TensorFlow employs
a graph-oriented execution model that combines eager execution with graph opti-
mization mechanisms through tf.function, enabling both development flexibility
and optimized deployment. In contrast, PyTorch follows a dynamic define-by-run
paradigm, where computation graphs are constructed during execution, simplifying
debugging and rapid prototyping. Keras provides a higher-level declarative interface
integrated within TensorFlow, enabling modular and user-friendly neural network
development while leveraging TensorFlow’s execution backend.

A major strength of these frameworks is their ability to exploit heterogeneous
computing platforms, including CPUs, GPUs, TPUs, and FPGA-based accelerators.
Through backend libraries such as CUDA [65] and cuDNN [66], they support parallel
execution, operator fusion, memory reuse, and runtime scheduling optimizations to
maximize throughput and resource utilization. In addition, their ecosystems provide
extensive tooling for distributed training, mixed-precision computation, hyperparam-
eter optimization, model compression, and deployment on edge platforms through
technologies such as TensorFlow Lite, TensorRT, and TorchScript.

Despite these advantages, mainstream AI frameworks are primarily optimized for
average-case performance rather than deterministic execution. Runtime scheduling,
asynchronous kernel launches, dynamic memory allocation, and adaptive caching
mechanisms introduce variability in execution timing and memory behavior. Such
nondeterministic execution models are acceptable in cloud and high-performance
computing environments but pose significant challenges in safety-critical real-time
systems, where bounded latency and predictable behavior are mandatory [4, 17].
Moreover, contention over shared resources such as GPUs, memory buses, and caches
can further degrade temporal predictability and complicate Worst-Case Execution
Time (WCET) analysis [14, 13].

Consequently, while AI frameworks are highly effective for model development
and deployment, they do not inherently satisfy the strict temporal and determinism
requirements of safety-critical systems. This limitation motivates the need for spe-
cialized compilation and execution pipelines capable of transforming high-level AI
models into statically analyzable execution patterns. Such transformations typically
involve static scheduling, deterministic memory management, elimination of run-
time variability, and mapping onto dedicated hardware accelerators with predictable
execution semantics.

In this context, frameworks such as TensorFlow and PyTorch serve primarily as
front-end model specification environments, while deterministic accelerator architec-
tures act as predictable back-end execution engines. Bridging this gap is essential for
enabling WCET-analyzable AI inference in real-time embedded systems.
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2.3 AI Accelerator Architectures

2.3.1 General-Purpose AI Accelerators

General-purpose AI accelerators attempt to support a wide range of neural-network
models using reusable hardware structures and configurable execution pipelines.
Unlike model-specific accelerators, these architectures emphasize flexibility and
adaptability [61].

One of the most prominent open-source AI accelerators is the Versatile Tensor
Accelerator (VTA) [61, 20], which serves as the FPGA backend of Apache TVM [67].
Apache TVM [67], that stands for Apache "Tensor Virtual Machine", is an open-source
deep learning compiler stack designed to bridge the gap between the productivity of
high-level AI frameworks and the performance efficiency of hardware accelerators.
As illustrated in Figure 2.1, TVM provides a unified compilation infrastructure capa-
ble of translating models developed in mainstream machine learning frameworks
into optimized executable representations for heterogeneous hardware platforms,
including CPUs, GPUs, and domain-specific AI accelerators such as the Versatile Ten-
sor Accelerator (VTA) [19, 20]. Owing to its modular architecture and cross-platform
support, TVM has become a widely adopted framework for AI deployment across
cloud, edge, and embedded systems.

FIGURE 2.1: Overview of TVM Compiler Stack [67]

The TVM compiler stack integrates several optimization stages, including graph-
level transformations, operator fusion, memory optimization, and target-specific
code generation. In addition, TVM incorporates auto-tuning mechanisms that au-
tomatically explore optimal hardware sepcific configurations to improve execution
efficiency on a given target platform. These capabilities enable TVM to generate
optimized inference pipelines while abstracting much of the low-level hardware
complexity from developers.

A key component of the TVM ecosystem is the Versatile Tensor Accelerator (VTA),
illustrated in Figure 2.4. VTA is a configurable tensor-processing accelerator designed
primarily for FPGA-based platforms and tightly integrated into the TVM compilation
flow. It provides specialized hardware support for tensor operations commonly used
in deep neural network inference, such as matrix multiplication, accumulation, and
data movement.

In this work, Apache TVM and its low-level integration with VTA are utilized
to capture and analyze instruction-level execution behavior during AI inference.
By enabling TVM’s debug mode, the compiler produces detailed execution traces



2.3. AI Accelerator Architectures 13

containing the generated VTA instructions in binary format, as shown in Figure 2.2-a.
These instructions follow the structured encoding format illustrated in Figure 2.3,
where each instruction contains the information required to coordinate execution
across the accelerator modules.

FIGURE 2.2: (a) Logged Instructions from TVM, (b) Instructions de-
pendency Graph

Each instruction pattern includes an operation code (OPCODE), which specifies
the instruction type (e.g., load, compute, or store). Dependencies between instructions
are classified into two forms: explicit control dependencies, derived from Dependency
FLAGS (red dashed arrows in Figure 2.2-b), indicating whether an instruction must
wait for predecessors or trigger successors; and implicit data dependencies, inferred
from memory access patterns (blue solid arrows). For example, instruction “2.1: Load”
depends on data produced by “1.3: Store.” These relationships can be visualized in a
model graph that captures execution flow and data movement during inference.

For memory instructions (Load/Store), the pattern specifies DRAM access details
such as addresses, iteration counts, and strides. While for compute instructions (e.g.,
GEMM, ALU), it embeds MICRO-Operations (Figure 2.3), providing fine-grained
directives for matrix computations.

FIGURE 2.3: VTA Instruction Patterns [20]

For the execution of such instructions, the VTA architecture comprises several
dedicated hardware modules that collectively support hardware-accelerated inference
execution, including:

1. Fetch Module: Sorts the fetched instructions from the DRAM into the instruc-
tion queues of the respective modules based on the instruction type, distin-
guished by its OPCODE pattern, see Figure 2.3.
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FIGURE 2.4: HW Architecture of the "Versatile Tensor Accelerator
(VTA) [19, 20]"

2. Load Module: Loads input data, weights, and biases from the DRAM according
to the load instructions, then writes them to the designated input and weight
buffers, preparing them for processing by the Compute Module.

3. Compute Module: Retrieves input, weight, and bias data, performs the required
matrix-multiplication operations based on the MICRO-Operations information,
and writes the intermediate-/final-inference results to the output buffer.

4. Store Module: Retrieves the results from the output buffer and stores them
in the DRAM according to the memory locations as specified by the store
instructions.

Although the VTA architecture supports dynamic execution of multiple neural-
network models through software reconfiguration and compiler-managed execution
flows, its execution behavior remains event-triggered and dynamically managed. The
synchronization mechanisms based on inter-module dependency queues, together
with shared-memory arbitration, introduce timing variability and non-deterministic
execution behavior [68]. As a result, providing deterministic timing guarantees and
performing accurate Worst-Case Execution Time (WCET) analysis become signifi-
cantly more challenging.

Another influential accelerator is Google’s Tensor Processing Unit (TPU) [23,
69]. TPUs employ large systolic arrays optimized for tensor and matrix computa-
tions while integrating unified buffers, dynamic memory hierarchies, and compiler-
managed execution pipelines. Similarly, GPU-based accelerators such as NVIDIA
Tensor Cores [70, 71] exploit massive thread-level parallelism, shared memories, and
runtime scheduling to maximize throughput.

NVDLA [43, 72] represents another open-source DNN accelerator architecture
targeting embedded AI inference. NVDLA integrates configurable convolution en-
gines, shared buffers, and scalable processing pipelines. Nevertheless, similar to
other modern accelerators, execution scheduling and memory management remain
dynamically controlled.
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Overall, existing general-purpose accelerators prioritize throughput and flexibil-
ity but provide limited support for deterministic execution and analyzable timing
behavior.

2.3.2 Model-Specific FPGA Acceleration

Another major research direction focuses on synthesizing neural networks directly
into dedicated hardware circuits. Unlike general-purpose accelerators, these ap-
proaches optimize hardware specifically for individual AI models [59, 73].

FINN [59] represents one of the most widely known frameworks for Binarized
Neural Networks (BNNs). By reducing weights and activations to binary representa-
tions, FINN significantly simplifies neural computations and enables highly efficient
FPGA implementations with low power consumption and high throughput. How-
ever, these benefits come at the cost of reduced inference accuracy [74]. Furthermore,
each model modification requires complete hardware recompilation, thereby limiting
flexibility.

LogicNets [73] similarly transforms quantized neural networks into truth-table
representations synthesized directly into FPGA logic. Although this approach achieves
high performance, hardware resource utilization grows exponentially with neuron
fan-in, thereby limiting scalability for larger and more complex models.

Other frameworks such as hls4ml [75] and DNNWeaver [76] employ High-Level
Synthesis (HLS) to automatically generate FPGA implementations from neural-
network descriptions. These approaches simplify deployment and accelerate design-
space exploration but remain largely model-specific.

In contrast, the TT-VTA architecture proposed in this thesis aims to preserve
flexibility while simultaneously enabling deterministic execution behavior. Rather
than generating dedicated hardware per model, TT-VTA supports multiple AI models
through statically generated timing schedules and predictable resource management.

2.4 Inference Parallelization and Workload Distribution

Optimizing AI inference time is typically achieved through AI model optimization
techniques [77] as well as through partitioning AI workloads across separate process-
ing elements, whether on the same embedded platform [78] or distributed among end
systems and the cloud [79]. For instance, The authors of BranchyNet [80] proposed
an inference partitioning strategy that optimizes execution time by (1) identifying the
shortest branch in the neural network model capable of producing inference results
with acceptable accuracy, and (2) executing the initial layers of the DNN-shortest
branch on a local computational platform, while offloading subsequent layers to
the cloud. This approach aims to balance the delay associated with local platforms,
which often have limited computational resources, against the communication la-
tencies incurred when sending data to and from the cloud. While their approach
accelerates inference, it may do so at the expense of model accuracy, a trade-off
that could be unacceptable for safety-critical applications requiring both timely and
precise outcomes. In these domains, sacrificing accuracy to reduce latency can lead
to suboptimal or unsafe decisions, which is particularly problematic in fields like
autonomous driving, where high reliability and exacting accuracy standards are criti-
cal. Therefore, solutions aimed at such applications must achieve both low-latency
inference and uncompromised accuracy to meet stringent safety requirements and
regulatory standards.
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Another approach to address partitioning issues for real-time DNNs involves
developing schedulers to distribute AI workloads between CPUs and GPUs on
the same computing platform, thus enhancing inference speed through effective
scheduling [81]. However, executing AI inference on distributed computational
nodes, such as CPUs and GPU threads, introduces contention for shared resources
like memory [46] and buses [47], leading to significant inference delays on computing
platforms. For such systems, memory access contention issues can often be mitigated
using a hypervisor [54] or middleware [55]. These tools enable efficient scheduling
and arbitration of memory access requests, allowing the system to coordinate and
prioritize memory usage among various processes and cores. This level of resource
management is made possible by software layers that can dynamically manage access,
ensuring each process or core gets appropriate memory bandwidth and utilization’s
slot when required [53]. However, they also introduce several performance draw-
backs, particularly concerning timing and latency as every memory request must go
through their layers. Thus, affecting and degrading the performance of the system
and increasing the inference time.

The proposed STT-VTA architecture addresses these limitations by enabling de-
terministic superscalar execution. Instead of relying on runtime scheduling and
arbitration, STT-VTA employs compile-time generated schedules that enable parallel
execution while preserving predictable timing behavior.

2.5 Memory Systems and Latency-Hiding Techniques

Efficient and predictable memory access remains a cornerstone of high-performance
AI acceleration, particularly in real-time and resource-constrained embedded systems.
Deep learning inference workloads are typically memory-bound, as the movement
of feature maps, activations, and weights often dominates both execution latency
and energy consumption [36, 23, 24]. Over the past decade, extensive research has
focused on optimizing data movement through caching, buffering, and pre-fetching
mechanisms. However, most of these approaches have been designed for throughput-
oriented platforms such as GPUs, TPUs, or cloud accelerators [71, 23], where the goal
is to maximize average-case performance rather than provide bounded execution
times.

For example, architectures such as Google’s TPU [23] and NVIDIA’s Tensor Cores
integrate multi-level cache hierarchies and shared memory systems to exploit spatial
and temporal reuse of tensor data. Likewise, domain-specific accelerators such as
Eyeriss [36, 48, 60], ShiDianNao [38], MAERI [37], and NVDLA [43, 72] employ
sophisticated dataflows (e.g., row-stationary or weight-stationary mappings) and
local scratchpads to minimize DRAM bandwidth pressure.

These designs achieve impressive throughput and energy efficiency for edge and
data-center workloads, but they are governed by dynamic runtime behavior—for ex-
ample, least-recently-used (LRU) or pseudo-LRU replacement policies—and therefore
exhibit non-deterministic access latency. Cache hits, evictions, and coherence transac-
tions depend on instantaneous workloads and input data distributions. Consequently,
despite their efficiency, such systems cannot guarantee worst-case execution time
(WCET) bounds or temporal isolation, limiting their applicability in safety-critical
systems.

Recent research has sought to improve cache predictability through compiler-
assisted or scratchpad-based management [82, 83, 84]. These techniques partially
mitigate nondeterminism but still rely on dynamic hardware policies.
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In contrast, the proposed STA-CP architecture solution adopts a fundamentally
different approach: a time-triggered caching paradigm. All cache-related opera-
tions—data placement, refill, and eviction—are determined statically at compile time
and encoded in the global time schedule. The cache behaves as a deterministic, tem-
porally partitioned memory structure rather than an adaptive one. This design retains
the benefits of data reuse typical of high-performance accelerators while ensuring
that access latencies are statically bounded.

On the other hand, pre-fetching is another long-established strategy to mitigate
memory latency in high-performance architectures [85, 86]. Traditional stride-based,
stream-based, and correlation-based pre-fetchers mechanisms leverage runtime pre-
diction of memory access patterns to bring data closer to processing units ahead of
time [87].

In AI accelerators, these techniques have been adapted to exploit model-level
or layer-level predictability. For instance, frameworks such as DeepCache [24], RO-
MANet [25], and DNPU [88] pre-load feature maps or weight blocks based on de-
pendency graphs derived from network architectures. Compiler-assisted approaches
like Tetris [89] and NeuroStream [90] attempt to overlap data movement with com-
putation through static scheduling heuristics. These solutions significantly improve
throughput on dynamic or batched workloads, but their speculative or demand-based
pre-fetching introduces timing variance and interference—both incompatible with
deterministic, time-triggered execution models.

The STA-CP architecture introduces a static, schedule-aware pre-fetching mecha-
nism. Rather than relying on runtime speculation, each pre-fetch operation is precisely
scheduled at compile time, aligned with idle memory slots identified through depen-
dency analysis. This ensures that pre-fetches neither compete with ongoing transfers
nor cause resource contention. As a result, tensor cores are continuously fed with
ready data, avoiding stalls while preserving strict temporal isolation and WCET
analyzability.

2.6 Time-Triggered and Deterministic Computing Systems

Deterministic and time-triggered computing systems have long been recognized
as essential foundations for safety-critical real-time applications. In such systems,
guaranteeing predictable timing behavior is often more important than maximizing
average-case performance, since timing violations may lead to catastrophic system
failures. Consequently, considerable research has focused on eliminating runtime
uncertainty through static scheduling, composable architectures, predictable commu-
nication, and temporally isolated resource management.

One of the most influential paradigms in this domain is the time-triggered execu-
tion model, originally introduced and formalized by Kopetz [39]. In time-triggered
systems, all activities are initiated according to globally synchronized schedules
generated offline at design time. This eliminates runtime arbitration and nondeter-
ministic event-driven interactions, enabling deterministic execution and analyzable
timing behavior. Time-triggered architectures have been widely adopted in safety-
critical distributed systems through protocols and standards such as TTP/C [91],
and Time-Triggered Ethernet (TTEthernet) [39, 92]. These systems demonstrate how
static scheduling and temporal partitioning can guarantee bounded communication
latency and interference-free execution.
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Obermaisser significantly contributed to the advancement of time-triggered and
distributed embedded systems through extensive research on predictable commu-
nication, composable architectures, and deterministic system integration [40, 93,
94]. His work investigated the integration of distributed time-triggered systems,
globally synchronized architectures, fault-tolerant communication infrastructures,
and deterministic middleware for embedded real-time applications. In particular,
Obermaisser emphasized the importance of globally synchronized execution and tem-
porally isolated resource management for guaranteeing predictable system behavior
in distributed safety-critical systems.

Furthermore, Obermaisser’s research explored deterministic execution within
mixed-criticality and distributed embedded platforms, addressing challenges related
to timing composability, communication predictability, and distributed schedul-
ing [40, 94]. These concepts strongly align with the architectural objectives pursued
in this thesis, where deterministic scheduling and temporal isolation are extended
from distributed embedded systems toward AI hardware acceleration.

Another important direction in deterministic computing systems is the concept
of composability. Goossens et al. [95, 96, 97] introduced composable architectures
and predictable Networks-on-Chip (NoCs) capable of providing temporal isolation
between concurrently executing applications. Their work investigated predictable
communication infrastructures, time-division multiplexing, arbitration-free commu-
nication mechanisms, and composable System-on-Chip (SoC) architectures. The main
objective of composability is to ensure that the timing behavior of one subsystem
remains unaffected by the activities of other subsystems sharing the same hardware
resources.

The notion of composability is particularly important in modern heterogeneous
computing platforms where multiple processing elements compete for shared re-
sources such as memory buses, interconnects, and DRAM systems. Goossens demon-
strated that uncontrolled resource sharing introduces timing interference and unpre-
dictability, making Worst-Case Execution Time (WCET) analysis increasingly difficult.
To address these issues, composable architectures enforce temporal partitioning and
predictable communication schemes that eliminate interference among independent
tasks.

Research on deterministic processors and predictable execution architectures
further extended these concepts toward computation itself. The PRET (Precision
Timed) architecture proposed by Edwards and Lee [41] introduced timing-predictable
processors designed specifically for real-time systems. PRET eliminates several
sources of timing unpredictability commonly found in conventional processors, such
as speculative execution and dynamic caching behavior. Instead, it promotes explicit
timing control and deterministic instruction execution.

Similarly, Pellizzoni et al. [45] proposed the PREDATOR memory controller ar-
chitecture, which focuses on predictable DRAM arbitration for multicore systems.
Their work demonstrated how conventional memory systems introduce substantial
timing interference due to dynamically scheduled memory requests and contention
on shared buses. By statically managing memory access patterns, predictable memory
controllers can significantly improve temporal isolation and WCET analyzability.

The deterministic concepts introduced in these prior works strongly influenced the
architectural design principles adopted in this thesis. However, unlike conventional
real-time processors, communication systems, or composable NoCs, AI accelerators
introduce additional challenges related to tensor-level parallelism, dynamic memory
reuse, irregular computation graphs, and high-bandwidth data movement. Therefore,
the architectures proposed in this thesis extend the principles of deterministic and
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time-triggered computing toward AI acceleration. The proposed TT-VTA, STT-VTA,
and STA-CP architectures statically schedule tensor operations, DRAM accesses,
cache operations, and pre-fetching activities at compile time. This eliminates runtime
arbitration and minimizes timing variability during inference execution.

More specifically, TT-VTA introduces globally synchronized time-triggered execu-
tion into the VTA architecture, replacing event-triggered dependency management
with static scheduling. STT-VTA extends this concept further by enabling determinis-
tic superscalar execution while preserving temporal isolation among shared resources.
Finally, STA-CP integrates deterministic caching and schedule-aware pre-fetching
mechanisms, enabling latency hiding and memory optimization without introducing
runtime nondeterminism.

Consequently, the proposed architectures can be viewed as an extension of classi-
cal time-triggered and composable-system principles into the domain of AI hardware
acceleration. By combining deterministic scheduling, predictable memory behavior,
temporal isolation, and static execution planning, the proposed architectures enable
AI inference execution that is analyzable, composable, and suitable for safety-critical
real-time systems.

2.7 DRAM Timing Simulation and WCET-Oriented Memory
Modeling

Accurate modeling of off-chip memory behavior is essential for evaluating modern
AI accelerators, particularly in safety-critical real-time systems where memory la-
tency and contention directly affect timing predictability and Worst-Case Execution
Time estimation. Since DRAM accesses frequently dominate inference latency and
energy consumption in deep learning workloads [23, 36], several DRAM simulation
frameworks have been developed to analyze memory timing behavior, scheduling
policies, and contention effects prior to hardware deployment.

Among the most widely adopted frameworks are DRAMSim2 [98], DRAM-
Sim3 [99], and DRAMSys [100]. Although all three provide DRAM timing simulation
capabilities, they differ considerably in abstraction level, modeling complexity, exten-
sibility, and suitability for deterministic timing analysis as illustrated in Table 2.1.

DRAMSim2 is a lightweight cycle-accurate DRAM simulator that models low-level
timing behavior, including read/write-request scheduling, row-buffer management,
bank conflicts, and memory-controller arbitration. Its modular C++ implementation
and relatively compact codebase make it highly suitable for architectural exploration
and custom accelerator integration. In particular, DRAMSim2 provides a practical
balance between timing fidelity and implementation simplicity, exposing fine-grained
timing information while remaining efficient enough for iterative design-space explo-
ration and deterministic timing analysis.

DRAMSim3 extends DRAMSim2 with support for modern DRAM technologies
such as DDR4, LPDDR4, and HBM, while also introducing enhanced power modeling
and advanced multi-channel memory support. However, these improvements come
at the cost of increased simulator complexity, configuration overhead, and integration
effort.

DRAMSys, in contrast, adopts a SystemC/TLM-based system-level simulation
methodology. It is primarily designed for full-system co-simulation and heteroge-
neous platform exploration. While this high-level abstraction facilitates interoperabil-
ity with virtual platforms, it also reduces visibility into low-level timing details that
are essential for precise interference analysis and WCET estimation.
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TABLE 2.1: Comparison of DRAM Memory Simulation Frameworks

Feature DRAMSim2 [98] DRAMSim3 [99] DRAMSys [100]
Simulation Level Cycle-accurate Cycle-accurate System-level /

TLM-based
Implementation Style C++ C++ SystemC
Timing Fidelity High Very High Medium–High
Low-Level DRAM Visibility High High Moderate
Supported DRAM Standards DDR3 / Basic

DDR4
DDR4, LPDDR4,
HBM, etc.

Multiple via TLM
models

Memory Controller Modeling Detailed Advanced Abstracted
Power Modeling Basic Enhanced Moderate
Multi-Channel Support Limited Advanced Supported
Integration Complexity Low High High
Simulation Overhead Low Medium–High High
Ease of Customization High Moderate Moderate
Suitability for
FPGA/Accelerator Studies

High Moderate Moderate

Suitability for WCET Analysis High Moderate Limited
Deterministic Timing Analysis Well-suited Partially suited Limited suitabil-

ity
Primary Research Focus Timing analysis

and architectural
exploration

Modern DRAM
architecture eval-
uation

Full-system co-
simulation

For the objectives of this thesis, the primary focus is not the evaluation of the
latest DRAM technologies, but rather the analysis and control of memory-access
behavior within deterministic AI accelerator architectures. Consequently, the selected
simulator must provide analyzable timing behavior while remaining sufficiently
lightweight for integration into the proposed static scheduling framework.

In this context, DRAMSim2 represents the most suitable choice. Its timing model
captures critical DRAM behaviors such as scheduling delays, row-buffer conflicts,
and arbitration latency, all of which directly influence deterministic execution analysis
and WCET estimation. Furthermore, DRAMSim2 satisfies the key requirements of
this work through its:

• Cycle-accurate timing model, enabling fine-grained analysis of DRAM access
latency and memory-interference behavior,

• Lightweight and modular architecture, facilitating integration with all versions
of the proposed scheduler and simulation framework,

• Transparent memory scheduling behavior, supporting deterministic evalua-
tion of memory-access timing and WCET estimation,

• Low simulation overhead, enabling efficient exploration of multiple scheduling
strategies, DRAM architectures, and timing configurations.

Accordingly, DRAMSim2 is integrated into the proposed offline scheduling frame-
work to model memory-related instructions and estimate worst-case memory latency
during compilation. A detailed discussion of the DRAMSim2-based WCET modeling
methodology, including memory-latency decomposition, worst-case latency deriva-
tion, and interpretation of DRAMSim2 timing traces, is presented in Appendix A.



2.8. FPGA Toolchains and Hardware Design Frameworks 21

2.8 FPGA Toolchains and Hardware Design Frameworks

The development of FPGA-based AI accelerators for safety-critical real-time systems
requires a robust and integrated toolchain capable of supporting the complete hard-
ware design lifecycle, including modeling, verification, synthesis, implementation,
timing analysis, and deployment.

In this work, the Xilinx Vivado Design Suite [101] is employed as the primary
development environment for implementing and validating the proposed TT-VTA,
STT-VTA, and STA-CP architectures.

Vivado provides a comprehensive FPGA development framework supporting
RTL design entry, High-Level Synthesis (HLS), behavioral simulation, logic synthesis,
placement and routing, static timing analysis, and bitstream generation for FPGA
deployment.

Behavioral simulation constitutes a fundamental stage in validating the proposed
time-triggered accelerator architectures. Vivado enables cycle-accurate functional
simulation prior to synthesis, allowing detailed observation of signal transitions,
execution ordering, module synchronization, and memory transactions. Furthermore,
behavioral simulation is not only used for functional validation, but also for deter-
mining the cycle-level execution latency of both memory-bound and compute-bound
instructions. The collected timing information is subsequently utilized by the pro-
posed scheduler to construct deterministic execution schedules and estimate overall
inference latency and WCET.

Following functional validation, Vivado synthesizes the RTL design into FPGA
primitives such as Look-Up Tables (LUTs), Flip-Flops (FFs), Block RAMs (BRAMs),
and Digital Signal Processing (DSP) slices. This stage enables quantitative evaluation
of hardware utilization, scalability, and architectural efficiency.

After synthesis, Vivado performs placement and routing of the generated netlist
onto the physical FPGA fabric. Vivado further provides advanced timing-analysis
capabilities, including Static Timing Analysis (STA), clock-domain analysis, and
timing-closure optimization. These capabilities are particularly critical for time-
triggered architectures because statically generated schedules assume fixed execution
latencies.

Overall, Vivado serves as the primary hardware development and verification
framework throughout this thesis. By bridging the gap between architectural concepts
and physically deployable hardware implementations, Vivado provides the necessary
infrastructure for developing deterministic AI accelerators targeting safety-critical
real-time systems.

2.9 Comparative Overview and Research Gap Analysis

The literature reviewed throughout this chapter demonstrates that existing AI accel-
erator architectures primarily focus on maximizing throughput, improving energy
efficiency, and reducing average-case inference latency. Although these objectives are
essential for cloud computing, edge AI, and high-performance embedded systems,
they are often achieved through dynamically managed execution models, adaptive
memory hierarchies, speculative pre-fetching mechanisms, and runtime arbitration
policies. Consequently, most existing accelerators inherently exhibit timing variability,
resource contention, and non-deterministic execution behavior, which significantly
complicate Worst-Case Execution Time (WCET) analysis and limit their applicability
in safety-critical real-time systems.
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Table 2.2 summarizes the characteristics of the reviewed state-of-the-art architec-
tures and contrasts them with the proposed TT-VTA, STT-VTA, and STA-CP architec-
tures. The comparison highlights several important trade-offs among throughput,
determinism, flexibility, power efficiency, scalability, and memory-management strate-
gies.

The comparative analysis therefore reveals a fundamental research gap in current
AI accelerator architectures. Existing approaches generally prioritize either:

• throughput and computational efficiency,

• energy optimization,

• or flexibility and scalability,

while deterministic execution behavior and temporal predictability remain largely
unaddressed.

More specifically, none of the reviewed architectures simultaneously provide:

• deterministic inference execution,

• explicit WCET analyzability,

• scalable superscalar parallelism,

• deterministic memory management,

• interference-free resource utilization,

• and schedule-aware memory-latency hiding.

The architectures proposed in this thesis address these points through a unified
time-triggered execution paradigm that combines static scheduling, deterministic
resource management, superscalar execution, deterministic caching, and schedule-
aware pre-fetching.

The TT-VTA architecture introduces deterministic time-triggered inference exe-
cution by replacing the event-triggered dependency-management model of the con-
ventional VTA with statically generated schedules and deterministic DRAM-access
coordination. This enables predictable execution timing and eliminates uncontrolled
memory interference.

The STT-VTA architecture extends this concept by introducing deterministic su-
perscalar execution. Through the integration of multiple Compute modules and
statically coordinated execution schedules, STT-VTA enables parallel tensor process-
ing while preserving deterministic execution behavior and temporal isolation of
shared resources.

Finally, the STA-CP architecture further extends the deterministic execution model
through the integration of deterministic caching and schedule-aware pre-fetching
mechanisms. Unlike conventional adaptive cache hierarchies and speculative pre-
fetchers, the STA-CP architecture statically determines all cache-management and
pre-fetching operations at compile time. This enables memory-latency hiding and
improved pipeline utilization while preserving deterministic timing behavior and
analyzable execution semantics.

Consequently, the proposed TT-VTA, STT-VTA, and STA-CP architectures estab-
lish a transition from conventional throughput-oriented AI acceleration toward deter-
ministic and WCET-analyzable AI inference suitable for deployment in safety-critical
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real-time systems. By combining predictable scheduling, deterministic memory be-
havior, interference-free resource management, and scalable tensor parallelism, the
proposed architectures provide a unified framework for enabling dependable AI
acceleration in environments where strict timing guarantees are mandatory.
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TABLE 2.2: Comparative Overview of SotA- and Proposed-
Acceleration Architectures
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Chapter 3

Development Process of
Deterministic AI Hardware
Accelerator

This chapter presents the overall development methodology employed throughout
this thesis for transforming the conventional event-triggered Versatile Tensor Acceler-
ator (VTA) into deterministic time-triggered AI accelerator architectures suitable for
safety-critical real-time systems. Unlike the subsequent architecture-specific chapters,
which focus on the hardware architectures and models, the underlying scheduling
algorithms, and their experimental evaluation, this chapter provides a comprehen-
sive overview of the integrated development flow and toolchain that underpin their
realization. In particular, it describes the systematic process used to analyze AI mod-
els, derive deterministic execution schedules, generate architecture configurations,
synthesize FPGA implementations, and deploy the resulting accelerator architectures.

The complete development workflow is illustrated in Figure 3.1. The process
begins with the generation and training of AI models using conventional deep-
learning frameworks (i.e., Step 1) and concludes with the deployment and runtime
execution of the synthesized accelerator architecture on FPGA hardware (i.e., Step
7). A central component of this workflow is the proposed Scheduler with Built-in
Simulation (i.e., Step 4), which performs instruction-level analysis, timing extraction,
deterministic scheduling, and architecture-specific configuration generation required
for FPGA synthesis and deployment.

As shown in Figure 3.1, the workflow is divided into two primary phases. The
first phase, referred to as the Analysis, Design, and Development Phase, focuses on AI-
model analysis, instruction extraction, timing simulation, deterministic scheduling,
and FPGA-architecture generation. The second phase, referred to as the Testing
and Deployment Phase, focuses on deploying the generated architecture onto FPGA
hardware and validating its execution behavior using real inference workloads and
runtime input data.

Overall, the complete workflow consists of six major development steps (i.e.,
Steps 1–6), each contributing to the realization of deterministic and predictable AI
acceleration, followed by a verification and validation step (i.e., Step 7) for evaluating
the developed accelerator architecture.

3.1 Step 1: AI Model Development and Training

The development process begins with the creation and training of AI models using
high-level deep-learning frameworks such as TensorFlow [62] or PyTorch [63]. These



26 Chapter 3. Development Process of Deterministic AI Hardware Accelerator

FIGURE 3.1: Development Toolchain for the Proposed Time-Triggered
AI Accelerators

frameworks provide powerful abstractions for constructing neural-network architec-
tures, training them using large datasets, and generating optimized parameter sets
consisting of weights and biases.

At this stage, the model designer focuses exclusively on the functional behavior
and inference accuracy of the neural-network model. The model architecture defines
the structure of the neural network, including the organization of layers, tensor di-
mensions, activation functions, convolution operations, and inter-layer dependencies.
Simultaneously, the training process generates the optimized weights and biases that
parameterize the model and determine its inference behavior.

Two primary outputs are therefore generated during this stage. The first output
is the model architecture, which formally describes the neural-network graph and
the sequence of tensor operations required during inference execution. The second
output consists of the trained model parameters, namely the weights and biases that
will later be transferred to the FPGA accelerator during runtime inference execution.

It is important to emphasize that the focus of this thesis is not on AI-model
training, optimization, or improving model accuracy. Instead, the neural-network
models are assumed to be already trained, validated, and optimized within their
respective AI frameworks, and are therefore treated solely as inputs to the proposed
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development workflow. Consequently, the primary objective of this work is to
enable deterministic and predictable inference execution on specialized AI hardware
accelerators while preserving the accuracy and functional behavior of the original
neural-network models.

Once the neural-network architecture has been finalized, the model graph is
forwarded to the compiler infrastructure responsible for translating the high-level AI
representation into low-level tensor instructions executable by the target accelerator
architecture.

3.2 Step 2: TVM/VTA Compilation and Instruction Genera-
tion

Following model generation, the neural-network architecture is processed using the
Apache TVM frontend [67]. The TVM compiler parses the neural-network graph
generated by TensorFlow or PyTorch and transforms the model into a sequence of
tensor operations compatible with the Versatile Tensor Accelerator (VTA) [19, 20].

During this stage, TVM performs several important model optimizations, includ-
ing graph-level transformations, tensor-operation fusion, operator optimization, and
hardware-aware code generation. These optimizations aim to improve execution
efficiency while preserving the semantic correctness of the original AI model.

The output of this stage is a sequence of VTA-compatible instructions represented
in binary format. These instructions describe all operations required during infer-
ence execution, including memory transfers, tensor computations, synchronization
dependencies, and result-storage operations.

The generated instruction stream primarily consists of three instruction cate-
gories. Load instructions are responsible for transferring input tensors, weights, and
biases from DRAM into local accelerator buffers. Compute instructions describe
tensor-processing operations such as matrix multiplication and accumulation. Store
instructions transfer intermediate or final inference results back to memory.

3.3 Step 3: Behavioral Simulation and Timing Extraction

One of the fundamental requirements for deterministic AI acceleration is the ability
to accurately estimate the execution latency of all accelerator instructions before
deployment. Since the proposed architectures rely entirely on statically generated
schedules, precise cycle-level timing information must be extracted during the design
phase.

To achieve this objective, the proposed workflow integrates two complementary
simulation environments: the Xilinx cycle-accurate behavioral simulator and DRAM-
Sim2 memory simulator. Together, these simulation frameworks enable accurate
modeling of both compute-bound and memory-bound execution behavior.

The Xilinx cycle-accurate simulator is used to perform RTL-level behavioral sim-
ulation of the VTA architecture prior to hardware synthesis. During this stage, the
generated instruction stream is utilized as a testbench input to emulate the execution
sequence of the target AI model. This simulation enables detailed observation of
instruction execution ordering, signal transitions, module synchronization, and com-
munication behavior between the functional units (i.e., modules) of the accelerator.
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Behavioral simulation serves several important purposes. First, it validates the
functional correctness of the generated instruction stream and verifies proper syn-
chronization between the accelerator modules. Second, it enables cycle-level tracing
of tensor operations and inter-module interactions. Most importantly, it allows
extraction of the execution latency of non-memory instructions, including tensor-
computation and arithmetic operations as well as on-chip memory accesses latencies.

However, behavioral simulation alone cannot accurately represent the latency
of external DRAM operations. Since DRAM exists outside the FPGA fabric, several
important timing characteristics cannot be faithfully modeled at RTL level. These
include memory-controller arbitration, row-buffer conflicts, bank activation delays,
refresh operations, and bus-transfer latency.

To address this limitation, the workflow integrates DRAMSim2 [98], a cycle-
accurate DRAM simulator capable of modeling realistic off-chip memory behavior.
DRAMSim2 accurately estimates the latency of all memory-related instructions exe-
cuted by the accelerator, including feature-map, input, weight, and bias transfers as
well as intermediate-result storage operations.

The integration of both simulation environments provides a complete timing char-
acterization of the target AI model. The extracted timing information subsequently
forms the basis for deterministic scheduling, architecture configuration, pipeline
analysis, resource-contention analysis, and WCET estimation.

3.4 Step 4: Deterministic Scheduling and Architecture Con-
figuration

The Scheduler with Built-in Simulation represents the central component of the pro-
posed development framework. It receives the generated instruction stream together
with the cycle-level timing information extracted during the previous simulation
stage. Using this information, the scheduler emulates the execution behavior of the
target AI model while simultaneously generating deterministic timing schedules and
architecture-specific configuration files.

The TT-VTA scheduler [102] focuses on deterministic execution planning for the
TT-VTA architecture. It analysis instruction dependencies, determines instruction-
triggering instances, and generates static schedules defining the exact execution
instants of the Load, Compute, and Store modules. In addition, the scheduler de-
termines DRAM-access locking windows required for interference-free memory
execution.

The STT-VTA scheduler [103] extends this functionality to support determinis-
tic superscalar execution within the STT-VTA architecture. During this stage, the
scheduler analyzes the instruction stream to identify pending instructions caused by
busy functional units. Using this information, the scheduler determines the number
of compute modules required to improve inference throughput while preserving
deterministic timing behavior. Furthermore, the scheduler redistributes instructions
among the functional units and updates instruction metadata to support concurrent
execution paths.

The STA-CP scheduler [104] further extends the functionality by integrating
deterministic caching and schedule-aware pre-fetching mechanisms for the STA-CP
architecture. At this stage, the scheduler performs memory-dependency analysis,
cacheability analysis, cache-size estimation, pre-fetch candidate selection, and cache-
metadata generation. Unlike conventional dynamic cache hierarchies and speculative
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pre-fetchers, all caching and pre-fetching operations are statically determined dur-
ing compile time. This enables memory-latency hiding while preserving temporal
determinism and analyzable execution behavior.

3.5 Step 5: Architecture Generation and Hardware Adaptation

Once the scheduling and simulation stages are completed, the generated timing
schedules, instruction metadata, and architecture-configuration files are forwarded
to the TVM/VTA backend for architecture generation and hardware adaptation. At
this stage, the accelerator architecture is automatically modified according to the
configuration requirements determined by the Scheduler with Built-in Simulation.

This phase represents the transition from analytical scheduling and timing anal-
ysis toward a physically realizable hardware architecture that can subsequently be
synthesized and deployed on FPGA platforms. The generated configuration files
define the required number and types of functional units, the organization of memory
subsystem, the dispatching infrastructure, and the communication topology between
the accelerator modules. Consequently, the architecture becomes automatically spe-
cialized according to the execution characteristics and resource requirements of the
analyzed AI model.

Based on these configuration files, the TVM/VTA backend modifies the original
VTA architecture by adapting the high-level C++ descriptions that define the func-
tionality and execution behavior of the individual accelerator components, including
Fetch, Load, Compute, Store modules to facilitate the consideration of metadata. In
parallel, the architecture_design.tcl file is automatically updated to reflect the
generated architectural configuration. This includes modifying the interconnect struc-
ture, instantiating additional functional units, integrating TT-dispatcher pipelines,
configuring cache memories and intermediate buffers, and adapting the communica-
tion topology between the accelerator modules. The generated TCL script therefore
represents the complete structural specification of the target accelerator architecture
and serves as the primary automation interface for the FPGA implementation flow.

The performed architectural modifications depend on the selected accelerator
variant and the optimization decisions generated during scheduling and simula-
tion. For the TT-VTA architecture, the backend integrates the Time-Triggered (TT)
Dispatcher pipelines and removes the original synchronization-based dependency
queues used in the conventional event-triggered VTA architecture. This transforma-
tion enables accelerator operations to be executed according to statically generated
timing schedules rather than runtime synchronization events.

For the STT-VTA architecture, the backend further extends the design through
the instantiation of multiple compute modules to support deterministic superscalar
execution. In addition, the instruction-routing infrastructure, module identifiers, and
inter-module communication mechanisms are adapted to support parallel execution
and deterministic data movement between the functional units.

For the STA-CP architecture, the backend additionally integrates on-chip cache
memory and additional intermediate buffers between modules to support the pre-
fetching strategy. These extensions include cache-aware memory-routing logic, addi-
tional communication buffers, and the metadata support required for cache manage-
ment and schedule-aware pre-fetching operations.
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3.6 Step 6: FPGA Synthesis and Hardware Realization

Following architecture generation and adaptation, the produced hardware descrip-
tions of the individual modules and the architecture_design.tcl files are for-
warded to the Xilinx Vivado Design Suite [101, 105], which serves as the primary
FPGA development and synthesis framework throughout this thesis. The generated
accelerator modules are represented using high-level C++ descriptions that define
the functionality and execution behavior of the individual architectural components.
These behavioral models are processed using Vivado High-Level Synthesis (HLS),
which automatically translates them into synthesizable Register-Transfer Level (RTL)
implementations suitable for FPGA deployment.

Subsequently, the adapted architecture_design.tcl file is utilized by the Vi-
vado toolchain to automate the implementation flow of the generated architecture.
The TCL-based automation framework controls module integration, IP generation
and configuration, interconnect creation, and the instantiation of the required commu-
nication and memory infrastructures according to the architecture generated during
the previous stage. Vivado then performs logic synthesis to map the generated accel-
erator architecture onto FPGA resources such as Look-Up Tables (LUTs), Flip-Flops
(FFs), Block RAMs (BRAMs), and DSP slices. This stage enables quantitative evalua-
tion of hardware-resource utilization and verifies whether the generated architecture
remains within the available resource limits of the target FPGA platform.

After synthesis, Vivado performs placement and routing, during which the syn-
thesized logic is physically mapped onto the FPGA fabric. Finally, Vivado generates
the FPGA bitstream required for deployment onto the target FPGA platform. The
resulting bitstream represents the complete hardware realization of the generated
deterministic AI accelerator architecture and is subsequently used for runtime de-
ployment and experimental validation.

3.7 Step 7: Deployment and Runtime Execution

Following synthesis and hardware implementation, the generated FPGA bitstream is
deployed onto the target FPGA platform. Afterwards, the trained model parameters
(i.e., weights and biases), model instructions, and their corresponding metadata are
transferred to the DRAM of the FPGA, while the timing schedules are transferred
directly to the accelerator’s dispatching pipelines of the respective modules.

During operation, input data is transferred to the accelerator through an ex-
ternal interface connected to a host PC, which serves as an image provider and
emulates the functionality of a camera source. Afterwards, the accelerator is acti-
vated and autonomously executes inference according to the statically generated
execution schedules. As a result, the proposed architectures provide predictable
inference behavior, deterministic memory access, interference-free execution, and
WCET-analyzable timing semantics suitable for safety-critical real-time systems.
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Chapter 4

Time-Triggered VTA (TT-VTA)

This chapter provides a comprehensive overview of the system model of the Time-
Triggered VTA (TT-VTA) architecture, together with the scheduler featuring a built-
in simulator (TT-VTA Scheduler) used to generate the static timing schedules re-
quired for deterministic execution. Section 4.1 introduces the integration of the
Time-Triggered (TT) dispatcher with the VTA functional modules, forming the foun-
dation of the TT-VTA architecture. Section 4.2 describes the hardware intellectual
property (IP) of the TT-dispatcher, which enables the inference execution based on
precomputed timing schedules within the accelerator. Section 4.3 presents the TT-
VTA scheduler, developed to emulate the execution behavior of the VTA architecture
and generate timing schedules for the TT-VTA hardware. In Section 4.4, the proposed
TT-VTA architecture is evaluated to demonstrate its capability to provide determinis-
tic and predictable AI inference execution. Finally, Section 4.5 concludes the chapter
by discussing the key observations, limitations, and potential directions for further
architectural improvements.

4.1 System Model of Time-Triggered VTA

To mitigate the limitations inherent in the conventional VTA, we extended the VTA
architecture by integrating a TT-dispatcher into the design, as in Figure 4.1.

This integration aims to enhance the determinism of the VTA architecture by
ensuring predictable inference execution, bounded latency, and interference-free
memory access. To achieve this, the original VTA dependency queues and their asso-
ciated interfaces were removed, as illustrated in Figure 4.1, in contrast to the baseline
VTA architecture shown in Figure 2.4. Instead, dedicated slave AXI interfaces were
introduced for each functional module and connected to the master AXI interfaces of
the proposed Time-Triggered (TT) dispatcher.

The TT-dispatcher centrally coordinates the execution of all functional units
according to statically generated timing schedules, thereby eliminating dynamic
arbitration and runtime scheduling uncertainties. In addition, the TT-dispatcher
manages access to shared resources, particularly the external off-chip DRAM, by
coordinating communication with other system entities such as the CPU executing
a software API. Access to DRAM is granted to the CPU only during predefined
time windows in which no memory transactions are scheduled for the TT-VTA
architecture. This temporal partitioning mechanism prevents memory contention
and ensures predictable execution behavior across the entire system.

Our approach employs a dedicated scheduling pattern, illustrated in Figure 4.2,
which defines the temporal execution behavior of the TT-VTA architecture. Each
schedule entry contains the following fields:
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FIGURE 4.1: TT-VTA Architecture

• NEXT Entry: points to the next logical entry within the scheduling sequence,
enabling sequential or cyclic schedule traversal.

• PHASE: specifies the exact global timing instance at which the corresponding
functional module is triggered to execute the pending instruction.

• RESERVED: allocates 7 bits for future architectural extensions and additional
scheduling metadata.

• DRAM Lock: indicates the accessibility status of the shared DRAM for external
entities such as the CPU:

– 1: the DRAM is reserved exclusively for TT-VTA memory operations.

– 0: the DRAM is available for access by other system entities.

The generated schedules are organized as linked-list scheduling structures, pro-
viding flexibility for both single-shot and periodic execution of tensor operations. This
structure enables deterministic repetition of inference workloads while supporting
adaptable execution patterns for different application requirements.

4.2 Time-Triggered Dispatcher

The Time-Triggered Dispatcher (TT-dispatcher), illustrated in Figure 4.3, is a propri-
etary hardware intellectual property (IP) developed in VHDL to enable the execution
of statically generated timing schedules within the TT-VTA architecture on FPGA plat-
forms. The dispatcher acts as the central coordination unit responsible for temporally
orchestrating all functional modules according to predefined execution schedules.
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FIGURE 4.2: Scheduling Pattern

FIGURE 4.3: Time-Triggered Dispatcher Architecture

The TT-dispatcher consists of three identical scheduling pipelines, each dedicated
to controlling a specific functional module within the architecture. All pipelines
operate synchronously using a shared global timing reference referred to as the Global
Time Base (GTB) counter.

Each scheduling pipeline comprises the following components:

• Memory: stores the generated timing schedule associated with the correspond-
ing functional module.

• Schedule Entry Provider: retrieves schedule entries from memory, extracts
the phase information, and forwards it to the phase comparator. In addition,
the provider extracts the DRAM Lock bit and forwards it to the CPU interrupt
interface (IRQ) upon receiving a trigger notification from the phase compara-
tor indicating that the execution of the current module is imminent, thereby
informing the CPU about the availability status of the shared DRAM. Once the
current schedule entry has been executed, the provider loads the subsequent
entry using the NEXT Entry field.

• Phase Comparator: compares the scheduled phase value against the current
Global Time Base (GTB) counter value. When both values match, the corre-
sponding functional module is triggered for execution.
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• Master AXI-Stream Interface (m_axis): initiates AXI-Stream write transactions
toward the slave AXI-Stream interface of the connected functional module,
thereby signaling instruction execution.

By relying on globally synchronized schedules and deterministic triggering mech-
anisms, the TT-dispatcher eliminates runtime arbitration and dynamic scheduling
overheads, ensuring predictable execution timing and interference-free coordination
among functional modules.

4.3 TT-VTA scheduler

FIGURE 4.4: Scheduler with built-in simulation "TT-VTA Scheduler"

In this work, we developed a C++-based scheduler with built-in simulator de-
rived from the VTA architecture, illustrated in Figure 4.4. The simulator serves two
primary purposes: (1) emulating the execution behavior and sequencing of tensor
and memory instructions based on the instruction patterns shown in Figure 2.3,
and (2) concurrently generating precise module-oriented timing schedules for the
corresponding functional units within the architecture.

By leveraging the capabilities of Apache TVM, the instructions executed by the
VTA during AI inference can be captured and logged. Enabling the debug mode
within the TVM compiler generates a text file containing the binary representation
of the executed instructions, referred to as the Instructions in Binary Format. These
instruction binaries are subsequently used as a testbench input for the Xilinx be-
havioral simulator to emulate the execution of the conventional VTA architecture.
This process enables the extraction and recording of cycle counts associated with
instruction execution across the different VTA functional modules.
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In our methodology, VTA instructions are classified into two categories: (1)
memory-related and non-memory-related instructions, and (2) dependent and in-
dependent instructions. The latter classification is discussed in detail in the context
of the proposed simulator architecture. Initially, however, the focus is placed on
distinguishing between memory and non-memory operations.

As previously discussed in section 3.3, Xilinx behavioral simulation is employed
to capture the cycle counts associated with instruction execution. Nevertheless, the
behavioral simulator cannot accurately model memory-related instructions, since it
does not incorporate the timing behavior of physical off-chip DRAM during simu-
lation. Instead, Block RAM (BRAM) is used as a virtual memory solely to validate
the correctness of instruction sequencing and functional behavior within the VTA
architecture.

Consequently, the cycle counts obtained from behavioral simulation are accurate
only for non-memory-related instructions, such as tensor computation and on-chip
operations. In contrast, the timing behavior of memory-related instructions can-
not be reliably represented under this setup, as BRAM access characteristics differ
significantly from those of external DRAM.

To address this limitation, cycle counts for memory-related instructions are ob-
tained using the cycle-accurate DRAM simulator DRAMSim2, which is integrated
into the proposed TT-VTA scheduler. This hybrid simulation approach enables accu-
rate modeling of both computation-bound and memory-bound operations, thereby
providing precise timing information required for deterministic scheduling and
WCET-oriented analysis.

At this stage, all executable model instructions, together with the corresponding
timing information for computation-bound instructions, have been collected to enable
the TT-VTA scheduler to accurately emulate the instruction execution sequence of a
given AI model. In the following, we present the distinct phases of the simulation
process, see Figure 4.4:

1. Configuration Phase: Before the simulation begins, a simulation configuration
file is set up with a single VTA architecture.

2. Initialization Phase: The simulator instantiates several components based on
the simulation configuration file. These components include module threads, in-
struction queues, and dependency queues which are essential for orchestrating
the execution flow.

3. Pre-Simulation Phase: The Parser customizes the instructions extracted from
the text file by incorporating the logged cycle counts from the log file for
the non-memory instructions. Simultaneously, it serves as the fetch module,
segregating and arranging the different instructions into distinct vector queues
associated with their respective modules threads, based on the instruction
OPCODE information according to the instruction.

4. Simulation Phase: The Load, Compute, and Store threads operate according
to the logic detailed in Algorithm 1. These threads replicate the parallelism
inherent in the respective modules within the VTA architecture. They retrieve
their corresponding instructions from the designated vector queues, while also
analyzing the individual instruction patterns. In case an instruction specifies
a dependency, these threads await the requisite trigger before executing the
queued instruction. Conversely, they proactively push a dependency if in-
structed to do so. Moreover, these threads initiate the DRAMSim2, supplying
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Algorithm 1 : TT-VTA → Modules Threads Logic

1: module_schedule.open(./module_schedule.sched)
2: for c = 0; c <= inst_queue.size(); c ++ do
3: inst=inst_queue(c)
4: prev_inst=inst_queue(c-1)
5: if inst.pop = True then
6: Wait until (!pop_queue.empty())
7: dep_inst=pop_queue.read()
8: inst.start_instant=dep_inst.finish_instant
9: else

10: inst.start_instant=prev_inst.finish_instant
11: end if
12: if inst.type = memory then
13: if mem_controller is blocked then
14: Wait until (mem_controller.free())
15: inst.start_instant=mem_controller.freed_instant
16: end if
17: mem_cycles=DRAM(type=read/write,offset,size={y,x,stride})
18: inst.finish_instant=inst.start_instant+mem_cycles
19: else
20: inst.finish_instant=inst.start_instant+inst.logged_cycles
21: end if
22: module_schedule.append(inst.start_instant)
23: if inst.push = True then
24: push_queue.write(inst)
25: end if
26: end for
27: module_schedule.close()
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the memory transaction characteristics, including the instruction type, data size
for read or write operations, and memory offset. Subsequently, they await the
reporting of the cycle counts essential for the execution of the instruction on the
physical hardware. Ultimately, these threads possess the capability to generate
comprehensive timing schedules for all instructions, seamlessly integrating
them into dedicated schedule files. Before proceeding into the detailed explana-
tion, it is essential to clarify some key terms that will be used throughout the
discussion to enhance understanding of the logic.

Declarations:

• inst: denotes the instruction currently under evaluation

• inst_queue: represents the storage location for all instructions associated
with the respective module

• inst.pop: indicates that the current instruction depends on another instruc-
tion from a different module

• inst.push: signifies that another instruction in a different module is depen-
dent on the current one

• pop_/push_queues: constitute intermediary mutex queues employed to
synchronize the operational sequence between threads, effectively emulat-
ing the dependency queues within the actual VTA architecture.

• c: is an instruction counter

Modules Threads logic as in Algorithm 1:

(a) (line 1): The algorithm for module threads initiates by opening the module
schedule file.

(b) (lines 2-4): For each instruction in the queue, the current instruction and
its predecessor instruction of the same type are identified.

(c) (line 5-6): If the pop flag of the current instruction is true (i.e., current
instruction depends on another instruction from a different module), it
waits until the source module’s pop queue is not empty (i.e., dependency
is satisfied).

(d) (lines 7-8): It then retrieves the dependent instruction and the current
instruction’s start instant is set to the dependent instruction’s finish instant.

(e) (line 10): In case the pop flag is false (i.e., current instruction does not de-
pend on any other instructions), the current instruction’s start instant is set
to the predecessor instruction’s finish instant (i.e., sequential scheduling).

(f) (lines 12-15): For memory-type instructions, if the memory controller is
blocked, it waits until the memory controller is free, setting the start instant
accordingly.
Note: The simulator ensures sequential scheduling of memory instructions
(i.e. load then store, or store then load). This approach is essential because
the TT-VTA architecture effectively mitigates DRAM interference from
concurrent load and store operations during inference execution.
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(g) (line 17): For memory instructions, The threads initiate the DRAMSim2,
supplying the memory transaction characteristics, including the instruc-
tion type, data size for read or write operations, and memory offset. Sub-
sequently, they await the reporting of the cycle counts essential for the
execution of the instruction on the physical hardware.

(h) (line 18): The memory cycles are, then, added to the start instant to deter-
mine the finish instant of the instruction.

(i) (line 20): For non-memory instructions, the finish instant is computed by
the addition of the start instant and the logged cycles that are collected
before the simulation from the Xilinx cycle-accurate simulator.

(j) (line 22): The start instant of the instruction is then appended to the
module schedule.

(k) (lines 23-24): If the push flag is true, the current instruction is pushed to
the respective module’s push queue.

(l) (lines 26-27): The loop iterates for each instruction, and the module
schedule is closed at the end.

5. Post-Simulation Phase: The TT-dispatching pipelines are instantiated, while
the original dependency queues are removed, as illustrated in Figure 4.1. Fi-
nally, the architecture_design.tcl file is adapted to reflect the updated ar-
chitectural configuration, including the modified interconnect structure and
the integration of the TT-dispatcher pipelines. The TCL file is then utilized by
the Xilinx Vivado toolchain to automatically synthesize, implement the design
architecture accordingly.

Finally, the TT-VTA architecture is synthesized and implemented using Vivado-
Xilinx tools, producing a bitstream file that can be used to configure the FPGA upon
deployment. At this stage, the TT-VTA architecture is ready for testing and validation.

4.4 TT-VTA Evaluation

We conducted a comparative evaluation on a Xilinx Zynq UltraScale+ ZCU104 FPGA
platform by deploying a convolutional neural network based on the ResNet-18
classification model on both the conventional VTA and the proposed TT-VTA. Using
the same model and identical input images across both architectures, the objective was
to validate the performance of TT-VTA and assess its ability to maintain deterministic
execution by avoiding interference while still meeting predefined inference timing
constraints.

For this evaluation, we defined two test scenarios, as summarized in Table 4.1:
one in which DRAM interference is introduced by a non-safety-critical CPU-based
application, and another without such interference. The interfering workload is
implemented as an API executing on the CPU that accesses shared memory (i.e.,
DRAM) concurrently with the inference execution.

Test-Cases VTA TT-VTA
(1) Without CPU interference 51ms 53.2ms
(2) With CPU Interference 77.03ms 53.2ms

TABLE 4.1: Conventional VTA & TT-VTA Test Cases
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• Test-Case 1: Without CPU Interference
During the evaluation, the conventional VTA successfully classified all input
images, achieving an average inference latency of approximately 51ms per sam-
ple. The proposed TT-VTA architecture produced identical classification results
across all evaluated categories, thereby preserving the functional correctness
and inference accuracy of the original VTA. However, the TT-VTA exhibited a
slightly higher average inference latency of approximately 53.2ms per sample.

This increase in latency was expected and primarily results from the deter-
ministic execution mechanisms introduced by the TT-VTA architecture. Specif-
ically, the generated execution schedules are constructed using Worst-Case
Execution Time (WCET)-oriented timing assumptions for the individual in-
structions, ensuring predictable and interference-free execution. In addition,
the integration of the Time-Triggered Dispatcher (TT-dispatcher) introduces a
controlled scheduling overhead associated with module synchronization and
time-triggered instruction dispatching. Although these mechanisms slightly
increase inference latency, they provide deterministic execution behavior and
timing predictability.

• Test-Case 2: With CPU Interference
However, when the API introduced interference at varying frequencies ranging
from 16Hz to 16kHz during different evaluation scenarios by concurrently issu-
ing DRAM read/write operations with data sizes of 256, 512, and 1024 bytes
while the VTA and TT-VTA were executing inference tasks, the conventional
VTA exhibited significant execution-time variability, as illustrated in Figure 4.5.
Under these interference conditions, the average inference latency of the con-
ventional VTA increased from 51.14ms up to 77.03ms per sample, depending
on the interference intensity and memory-access pattern.

In contrast, the TT-VTA maintained a constant average inference latency of
53.2ms across all evaluated scenarios, demonstrating stable and deterministic
execution behavior despite the presence of concurrent memory traffic. This
robustness is achieved through the time-triggered scheduling mechanism inte-
grated within the TT-VTA architecture. Specifically, the TT-dispatcher explic-
itly informs the CPU about predefined DRAM-access windows during which
non-safety-critical tasks are permitted to access shared memory resources. Out-
side these windows, DRAM access is restricted to prioritize inference-related
operations executed by the TT-VTA. Consequently, memory contention and
interference are effectively eliminated, ensuring predictable inference timing
and temporal isolation.

These results underscore the effectiveness of the proposed approach, demonstrat-
ing that the TT-VTA architecture achieves predictable and deterministic execution
behavior under varying interference conditions.

In addition to timing predictability, it is equally important to evaluate the hard-
ware cost associated with introducing deterministic execution mechanisms. Therefore,
Figure 4.6 compares the resource utilization of the TT-VTA architecture against the
baseline VTA implementation on the Xilinx ZCU104 platform. The figure reports the
percentage of utilized FPGA resources, including Look-Up Tables (LUTs), Flip-Flops
(FFs), Block RAMs (BRAMs), and Digital Signal Processors (DSPs).

The Xilinx ZCU104 evaluation board provides a maximum of 230,400 LUTs,
460,800 FFs, 11Mb of on-chip Block RAM (BRAM), and 1,728 DSP slices, which
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FIGURE 4.5: Test Cases with Different Interference Frequencies & Data-
Sizes

FIGURE 4.6: Resource utilization of VTA and TT-VTA

define the upper hardware-resource limits available for implementing the proposed
architectures.

As expected, the TT-VTA architecture exhibits higher resource utilization com-
pared to the conventional VTA architecture. This increase is primarily attributed to the
integration of the TT-Dispatcher pipelines, together with their associated scheduling
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memories and synchronization logic, including the Global Time Base (GTB) mod-
ule. These additional hardware components are essential for enabling deterministic
time-triggered inference execution and coordinated module activation within the
architecture. Nevertheless, the introduced hardware overhead remains acceptable
when considering the substantial improvements achieved in temporal determinism,
execution predictability, and interference-free operation provided by the TT-VTA
architecture.

4.5 Discussion on TT-VTA

In this chapter, we presented a methodology and supporting toolchain for trans-
forming the conventional event-triggered VTA architecture into a deterministic time-
triggered AI hardware accelerator, referred to as the TT-VTA. This transformation is
achieved through the integration of statically generated timing schedules produced
by the TT-VTA scheduler, together with the incorporation of the Time-Triggered
Dispatcher (TT-dispatcher) into the VTA architecture.

The experimental results demonstrate that, although the TT-VTA introduces a
modest increase in both inference latency and hardware resource utilization com-
pared to the original event-triggered VTA, it provides significant advantages for
safety-critical real-time systems. In particular, the proposed architecture ensures
predictable execution behavior, deterministic resource utilization, and temporal isola-
tion of shared resources. These properties effectively mitigate memory contention,
execution-time variability, and interference-related delays, thereby enabling reliable
and analyzable AI inference execution. Consequently, the TT-VTA can be integrated
into safety-critical platforms with reduced integration complexity while providing
stronger timing guarantees and improved system predictability.

Despite these advantages, optimizing inference latency remains an important
objective. Therefore, the subsequent chapters extend the proposed architecture by in-
troducing controlled parallel execution, deterministic caching, and static pre-fetching
mechanisms. These enhancements aim to further improve inference performance
while preserving the deterministic execution guarantees established by the TT-VTA
architecture.
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Chapter 5

Superscalar Time-Triggered VTA
(STT-VTA)

This chapter provides a comprehensive overview of the system model of the Su-
perscalar Time-Triggered VTA (STT-VTA) architecture, together with the scheduler
featuring a built-in simulator (STT-VTA scheduler) used to generate the configuration
file and the timing schedules specific to the STT-VTA. In Section 5.1, we describe the
compilation and development process for the STT-VTA architecture, emphasizing
the functional and design requirements essential to its development. It is important
to note that the dynamic configuration of the STT-VTA is model-driven, adapting
to the specific AI model in use. Section 5.2 details the upgrades made to the sched-
uler, which enables (1) the generation of the configuration files that support the
automatic development of the STT-VTA, (2) the adaptation of model’s instructions
metadata, and (3) the creation of timing schedules for the functional units within the
STT-VTA. In Section 5.3, the proposed STT-VTA architecture is evaluated to demon-
strate its capability to provide deterministic and optimized AI inference execution
latency. Finally, Section 5.4 concludes the chapter by discussing the key observations,
limitations, and potential directions for further architectural improvements.

5.1 System Model of Superscalar Time-Triggered VTA

In this work, we enhance the performance of the Time-Triggered VTA (TT-VTA)
architecture by introducing the Superscalar Time-Triggered VTA (STT-VTA). The
STT-VTA, as depicted in Figure 5.1, is intended to incorporate multiple VTA modules
into a single architecture, thereby supporting the parallel execution of model instruc-
tions. However, Integrating multiple modules within the architecture necessitates
addressing additional functional- and design-requirements.

5.1.1 Functional Requirements

The fetch module must not only rely on the instruction type (i.e. OPCODE), to
distribute the retrieved instructions from the DRAM to their respective modules, but
also consider the targeted modules IDs. Meanwhile, the Load, Compute, and Store
modules must be aware of their source and destination modules, as the STT-VTA
architecture requires cross-module interactions.

These requirements are met by extending the instruction patterns, see Figure 5.2,
to include additional metadata containing information about the module ID where the
instruction is executed, the source module ID from which the instruction expects input
data, and the destination module ID to which the output data must be transferred.
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FIGURE 5.1: Superscalar Time-triggered VTA (STT-VTA) Architecture

FIGURE 5.2: VTA Instruction Patterns including Metadata

5.1.2 Design Requirements

Additionally, The inclusion of STT-VTA modules are highly dependent on the AI
model analysis performed by the STT-VTA scheduler, which is detailed in section 5.2.
This analysis is crucial as it determines the optimal configurations and interactions
of the multiple modules within the final STT-VTA architecture to ensure efficient
parallel executions of instructions.

Upon completion of the scheduling process, the TVM/VTA backend automatically
adapts the accelerator architecture according to the selected design configuration.
For STT-VTA, this includes generating the required number of functional units,
configuring the interconnect structure. The generated architecture is then compiled
and synthesized using the Xilinx Vivado framework.

To support this process, the VTA compiler backend provides the Xilinx toolchain
with two primary design artifacts, illustrated in Figure 5.3:

• C++-based module descriptions: specifying the functional behavior of the
accelerator modules,

• TCL-based architecture scripts: defining module interconnectivity and au-
tomating the FPGA design flow.
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FIGURE 5.3: Xilinx Tool Framework

The behavior of the accelerator modules—including Fetch, Load, Compute, Store,
and TT-Dispatcher modules—is specified using high-level C++ descriptions. These
descriptions are processed through Xilinx High-Level Synthesis (HLS), which auto-
matically translates the behavioral models into synthesizable RTL implementations
suitable for FPGA deployment.

In parallel, the architecture_design.tcl script is utilized to automate synthesis, im-
plementation, placement and routing, timing analysis, bitstream generation, and
resource reporting within Vivado. TCL (Tool Command Language) additionally en-
ables automatic customization of the generated architecture according to the selected
FPGA platform and the architectural parameters produced by the scheduler.

Consequently, the Superscalar Time-Triggered VTA (STT-VTA) system architec-
ture, illustrated in Figure 5.1, undergoes dynamic development and compilation
tailored to the specific demands of AI models. This highlights the architecture’s
configurability and underscores the practical utility of the approach in optimizing
hardware accelerators for diverse AI applications.

5.2 STT-VTA scheduler

We have significantly enhanced the functionality of our scheduler to support the
realization of the STT-VTA. This enhancement enables the scheduler to detect po-
tential instruction delays during simulation—specifically identifying any pending
instructions caused by the busy state of the modules responsible for processing them.
By anticipating these delays, we can optimize the architecture to avoid such issues
during the actual runtime of the STT-VTA. This capability is crucial for determining
the optimal number of STT-VTA modules required to expedite inference, thereby
ensuring efficient and timely execution of AI workloads.

The improved scheduler functionality incorporates two additional components,
illustrated in Figure 5.4:

1. Pending Instruction Detector (PID): The modules threads are adapted to detect
pending instructions in their respective instruction queues, thus notifying the
Configuration Manager about their findings.

2. Configuration Manager: When a thread alerts the Configuration Manager
about a pending instruction, the manager initiates the necessary actions, as
shown in Algorithm 2, to handle the instruction and update the simulation’s
configuration file. This process starts by terminating the simulation (line 2)
and then modifying the metadata for affected instructions (lines 3-6). Specifi-
cally, the module ID of the pending instruction is incremented, redirecting it
to another module of the same type for the next simulation cycle. Since a new
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module will now be part of the simulation, the metadata of the related instruc-
tions must be updated to ensure other modules direct data appropriately. Thus,
the update includes modifying (1) the destination module ID for dependent
instructions and (2) adjusting the source module ID for subsequent instructions.
Finally, the Configuration Manager updates the configuration file (line 7), speci-
fying the required number of module threads and their inter-connectivity (i.e.,
interdependencies through dependency queues), thus instantiating them for
the next iteration. The simulation is then reinitialized to apply these changes
(line 8).

Algorithm 2 Configuration_Manager Thread

1: Configuration_Manager(pending_inst, dep_inst, sub_inst_id){
2: simulation.terminate()
3: subsequent_inst=instructions_list[sub_inst_id]
4: pending_inst.module_id+=1
5: dep_inst.destination_module_id=pending_inst.module_id
6: subsequent_inst.source_module_id=pending_inst.module_id
7: update_sim_config_file()
8: simulation.run()}

In the following, we describe the different phases of the simulation and scheduling
process implemented in the STT-VTA scheduler, which illustrated in Figure 5.4.

FIGURE 5.4: Scheduler with built-in simulation "STT-VTA Scheduler"

1. Configuration Phase: Before the simulation begins, the simulation configura-
tion file is set up with a single VTA architecture, and all additional metadata
for the instructions are initialized to default values (i.e., module ID=1, source
module ID=1, and destination module ID=1). It is important to note that the
configuration file as well as the additional metadata for the instructions will be
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updated iteratively based on the findings of the Pending Instruction Detector
and the Configuration Manager during subsequent phases of the simulation.

2. Initialization Phase: The simulator instantiates several components based on
the simulation configuration file. These components include module threads, in-
struction queues, and dependency queues which are essential for orchestrating
the execution flow.

3. Pre-Simulation Phase: The Parser segregates and arranges the instructions into
distinct instruction queues associated with their respective modules threads,
based on the instruction OPCODE and its respective module ID information
according to the instruction metadata.

4. Simulation Phase: The Load, Compute, and Store threads operate according to
the logic detailed in Algorithm 3. Before proceeding into the detailed explana-
tion, it is essential to clarify some key terms that will be used throughout the
discussion to enhance understanding of the logic.

Declarations:

• inst: denotes the instruction currently under evaluation

• inst_queue: represents the storage location for all instructions associated
with the respective module

• inst.pop: indicates that the current instruction depends on another instruc-
tion from a different module

• inst.push: signifies that another instruction in a different module is depen-
dent on the current one

• pop_/push_queues: constitute intermediary mutex queues employed to
synchronize the operational sequence between threads, effectively emulat-
ing the dependency queues within the actual VTA architecture.

• c: is an instruction counter

Modules Threads logic as in Algorithm 3:

(a) (line 1): The algorithm for module threads initiates by opening the module
schedule file.

(b) (lines 2-4): For each instruction in the queue, the current instruction and
its predecessor instruction of the same type are identified.

(c) (line 5-6): If the pop flag of the current instruction is true (i.e., current
instruction depends on another instruction from a different module), it
waits until the source module’s pop queue is not empty (i.e., dependency
is satisfied).

(d) (lines 7-8): It then retrieves the dependent instruction and checks if its
finish instant is greater than or equal to the predecessor instruction’s finish
instant on the same module.

(e) (line 9): If true, the current instruction’s start instant is set to the dependent
instruction’s finish instant.

(f) (lines 11-12): otherwise, if the instruction is not memory type, the Configu-
ration Manager is called to handle the pending instruction. Consequently,
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Algorithm 3 : STT-VTA → Modules Threads Logic

1: module_schedule.open(./module_schedule.sched)
2: for c = 0; c <= inst_queue.size(); c ++ do
3: inst=inst_queue(c)
4: prev_inst=inst_queue(c-1)
5: if inst.pop = True then
6: Wait until (!pop_queue[inst.source_module_id].empty())
7: dep_inst = pop_queue[inst.source_module_id].read()
8: if dep_inst. f inish_instant >= prev_inst. f inish_instant then
9: inst.start_instant=dep_inst.finish_instant

10: else
11: if inst.type! = memory then
12: Configuration_Manager(inst, dep_inst, inst.sub_inst_id)
13: end if
14: end if
15: else
16: inst.start_instant=prev_inst.finish_instant
17: end if
18: if inst.type = memory then
19: if mem_controller is blocked then
20: Wait until (mem_controller.free())
21: inst.start_instant=mem_controller.freed_instant
22: end if
23: mem_cycles=DRAM(type=read/write,offset,size={y,x,stride})
24: inst.finish_instant=inst.start_instant+mem_cycles
25: else
26: inst.finish_instant=inst.start_instant+inst.logged_cycles
27: end if
28: module_schedule.append(inst.start_instant)
29: if inst.push = True then
30: push_queue[inst.destination_module_id].write(inst)
31: end if
32: end for
33: module_schedule.close()
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the simulation terminates at this stage, and the next iteration begins from
the initialization phase immediately after reconfiguring the simulation
configuration file.
Note: The simulator prioritizes non-memory-related instructions to opti-
mize inference time by sorting and scheduling them on parallel compute
modules.

(g) (line 16): If the pop flag is false (i.e., current instruction does not depend
on any other instructions), the current instruction’s start instant is set to
the predecessor instruction’s finish instant (i.e., sequential scheduling).

(h) (lines 19-21): For memory-type instructions, if the memory controller is
blocked, it waits until the memory controller is free, setting the start instant
accordingly.
Note: The simulator ensures sequential scheduling of memory instructions
(i.e. load then store, load then load, or store then store). This approach is
essential because the STT-VTA architecture effectively mitigates DRAM
interference from concurrent load(s) and/or store(s) operations during
inference execution. Thus, this eliminates the need for multiple load or
store modules. Instead, they are considered as singular entities within the
architecture.

(i) (line 23): For memory instructions, The threads initiate the DRAMSim2,
supplying the memory transaction characteristics, including the instruc-
tion type, data size for read or write operations, and memory offset. Sub-
sequently, they await the reporting of the cycle counts essential for the
execution of the instruction on the physical hardware.

(j) (line 24): The memory cycles are added to the start instant to determine
the finish instant of the instruction.

(k) (line 26): For non-memory instructions, the finish instant is computed by
the addition of the start instant and the logged cycles that are collected
before the simulation from the cycle-accurate simulator from Xilinx tool,
see Figure 3.1.

(l) (line 28): The start instant of the instruction is then appended to the
module schedule.

(m) (lines 29-30): If the push flag is true, the current instruction is pushed to
the destination module’s push queue.

(n) (lines 32-33): The loop iterates for each instruction, and the module
schedule is closed at the end.

5. Post-Simulation Phase: The information stored in the simulation configuration
file, along with the instructions and their metadata, are extracted and utilized
to reconfigure the modules algorithms and architecture_design.tcl files. The
reconfiguration process is summarized as follows:

(a) TT-Dispatcher pipelines: According to the gathered information, dis-
patching pipelines are instantiated. This ensures that the newly required
dispatching pipelines within the TT-Dispatcher align with the number of
modules in the STT-VTA architecture, see Figure 5.1.

(b) STT-VTA Modules: The inclusion of new modules in the architecture
requires the instantiation of intermediate memories between themselves
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and their new source and destination modules, the creation of new inter-
faces for the dispatching pipelines, and the establishment of corresponding
instruction queues. Additionally, the module algorithms are updated to ac-
count for the source and destination information stored in the instructions
metadata.

(c) Fetch Module: The fetch module interfaces are updated and connected
to the instruction queues of all instantiated modules to arrange the in-
structions into the appropriate instruction queues based on the module
information stored in the metadata.

Finally, the STT-VTA architecture is synthesized and implemented using Vivado-
Xilinx tools, producing a bitstream file that can be used to configure the FPGA
upon deployment. At this stage, the STT-VTA architecture is ready for testing and
validation.

5.3 STT-VTA Evaluation

To evaluate the effectiveness of the proposed STT-VTA architecture and validate the
developed approach, a comparative analysis was conducted between the STT-VTA,
TT-VTA, conventional VTA, and the ARM Cortex-A53 processor. All experiments
were performed on a Xilinx Zynq UltraScale+ ZCU104 FPGA platform.

A representative set of AI models, including ResNet-18, ResNet-34, ResNet-50,
YOLOv3-tiny, YOLOv3-full, and YOLOv4, was deployed on the ARM Cortex-A53,
conventional VTA, and TT-VTA architectures to establish baseline inference per-
formance measurements. Subsequently, the proposed STT-VTA development flow,
presented in Figure 3.1, was applied to generate and configure the STT-VTA archi-
tecture for each model. The same AI models and input datasets were then executed
on the STT-VTA architecture, and the resulting inference latencies were recorded to
enable a direct comparison across all evaluated platforms, as summarized in Table 5.1.

TABLE 5.1: Models tested (without DRAM interference)

ARM (A53) VTA TT-VTA STT-VTA

Model Type

Avg.
Inference
latency

[ms]

Avg.
Inference
latency

[ms]

Inference
latency

[ms]

Inference
latency

[ms]

Inference
latency

reduction
compared

to
TT-VTA

[%]

Resource
Utilization

increase
Compared

to
TT-VTA

[%]
ResNet-18 93.5 51 53.2 42.5 20% 15%
ResNet-34 166.4 91.9 95.04 76.1 20% 15%
ResNet-50 339.7 188.6 192.8 127.2 34% 29%

YOLOv3-tiny 201.3 105.05 109.5 90.9 17% 15%
YOLOv3-full 321.2 170 179.9 120.5 33% 29%

YOLOv4 264.9 139.8 143.3 84.5 41% 44%

The experimental results demonstrate that the STT-VTA architecture consistently
outperforms the ARM Cortex-A53, conventional VTA, and TT-VTA architectures in
terms of inference latency. However, these performance gains are achieved at the cost
of increased FPGA resource utilization, as illustrated in Figure 5.5.
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For relatively moderate AI workloads, such as ResNet-18, ResNet-34, and YOLOv3-
tiny, the Scheduler with Built-in Simulation (v2) determined that integrating one ad-
ditional Compute module (i.e., a total of two Compute modules within the STT-VTA
architecture) was sufficient to achieve meaningful acceleration. Experimental evalua-
tion confirmed an inference-latency reduction of approximately 17–20% compared
to the TT-VTA baseline. According to the Xilinx synthesis reports, this architectural
extension introduced an additional FPGA LUT utilization overhead of approximately
15%.

For more computationally intensive models, including ResNet-50, YOLOv3-full,
and YOLOv4, additional Compute modules were required to achieve substantial
performance improvements. In the case of ResNet-50 and YOLOv3-full, the sched-
uler instantiated two additional Compute modules (i.e., three Compute modules in
total), resulting in inference-latency reductions of approximately 33-34% compared to
TT-VTA. For YOLOv4, the architecture required three additional Compute modules
(i.e., four Compute modules in total), achieving an inference-latency reduction of ap-
proximately 41%. These performance improvements were accompanied by increased
FPGA resource utilization, with LUT usage increasing by approximately 29% for
ResNet-50 and YOLOv3-full, and by approximately 44% for YOLOv4, relative to the
TT-VTA architecture.

FIGURE 5.5: Resource utilization of STT-VTA with different number
of Compute Units

These results highlight the trade-off between inference acceleration and hardware-
resource consumption within the STT-VTA architecture. While superscalar execution
significantly improves inference latency, especially for computationally demanding
AI models, the corresponding increase in FPGA resource utilization must be care-
fully considered when targeting resource-constrained or power-sensitive embedded
platforms.

To further evaluate the robustness of the proposed architecture, the STT-VTA
was tested under DRAM-interference conditions alongside the ARM Cortex-A53,
conventional VTA, and TT-VTA architectures. The objective of this evaluation was
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to assess the ability of the STT-VTA architecture to maintain deterministic and low-
latency inference execution in the presence of shared-memory contention.

The interference scenario was generated using an external API executing on a sep-
arate processor core, continuously issuing high-frequency DRAM read/write trans-
actions to emulate a non-safety-critical application competing for shared-memory
resources during inference execution. The interference frequency was configured to
16kHz with memory transactions of 1024-byte data blocks.

For each architecture and AI model, 100 inference executions were performed to
evaluate execution consistency and timing stability. Figure 5.6 presents the resulting
inference-latency distributions and standard deviations.

FIGURE 5.6: 100 inference executions under DRAM interference
(16 kHz interference frequency and 1024-byte data size)

The results demonstrate that the ARM Cortex-A53 and conventional VTA archi-
tectures experienced substantial performance degradation under DRAM interference.
Both architectures suffered from unpredictable execution delays caused by memory
contention and DRAM busy states. The conventional VTA, in particular, exhibited
high sensitivity to interference due to its lack of deterministic memory-access coordi-
nation mechanisms.

In contrast, both TT-VTA and STT-VTA maintained stable and deterministic infer-
ence latencies across all experimental runs despite the presence of high-frequency
DRAM interference. This resilience is achieved through the coordinated DRAM-
access management mechanisms integrated within the time-triggered architectures.
Specifically, the TT-dispatcher enables the architectures to inform the CPU about
time intervals during which DRAM access is reserved for inference-critical opera-
tions. During these protected intervals, non-critical DRAM accesses are blocked,
thereby eliminating contention and ensuring uninterrupted memory availability for
the accelerator.
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These results demonstrate that the STT-VTA architecture not only achieves sig-
nificantly lower inference latency through superscalar execution, but also preserves
deterministic timing behavior and interference-free execution under shared-memory
contention. Consequently, the proposed architecture is particularly suitable for safety-
critical real-time AI systems that require both high-performance inference acceleration
and strict timing predictability.

5.4 Discussion on STT-VTA

In this chapter, we presented an approach and an associated toolchain for enabling
the deployment of AI models within safety-critical real-time systems while simulta-
neously achieving accelerated inference execution and deterministic timing behavior.
The proposed methodology focuses on the design and configuration of AI hardware
accelerators capable of balancing high-performance inference execution with the
stringent timing and predictability requirements of embedded safety-critical plat-
forms. In this work, it is assumed that the AI models are already properly trained and
validated within their respective software frameworks, allowing the focus to remain
on optimizing and controlling inference execution at the hardware-acceleration level.

To achieve these objectives, the proposed approach leverages the STT-VTA (Super-
scalar Time-Triggered Versatile Tensor Accelerator) architecture, which extends the
TT-VTA through superscalar execution and parallel processing of inference instruc-
tions. Experimental results demonstrated that the STT-VTA achieves inference-latency
reductions ranging from 19% to 41%, as summarized in Table 5.1. In addition to
improving performance, the architecture preserves deterministic execution behavior
by providing precise control over execution timing and eliminating interference from
non-safety-critical operations during inference execution.

These characteristics make the STT-VTA particularly suitable for safety-critical
domains such as automotive, aerospace, and medical systems, where unpredictable
AI inference behavior and execution-time variability may directly compromise system
safety. The presented results demonstrate that complex AI models can be efficiently
accelerated on embedded FPGA platforms while maintaining the deterministic and
predictable execution behavior required for real-time safety-critical applications.

Although the STT-VTA introduces increased FPGA resource utilization due to
the integration of additional Compute modules, the resulting architectural flexibility
provides significant advantages. Depending on the complexity of the deployed AI
model, the FPGA Look-Up Table (LUT) utilization ranges from approximately 55% to
84%, as illustrated in Figure 5.5. Nevertheless, the architecture supports deterministic
sequential or periodic execution of multiple AI models on the same FPGA platform,
provided that the deployed models require an equivalent maximum number of
functional units.

For example, the architecture can support deterministic inference switching be-
tween models such as ResNet-18 for image classification followed by YOLOv3-tiny
for object detection, or between larger models such as ResNet-50 and YOLOv3-full.
This capability is achieved by preloading the corresponding model instructions and
generated timing schedules into the STT-VTA architecture. Consequently, the STT-
VTA provides a flexible and reusable acceleration framework capable of supporting
multiple inference workloads with minimal architectural reconfiguration while pre-
serving predictable timing behavior. This capability is particularly beneficial for
dynamic embedded systems requiring multiple AI functionalities, such as combined
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classification and object-detection pipelines operating within the same real-time
environment.

Despite the achieved performance improvements, further optimization of infer-
ence latency remains an important research direction. In particular, experimental
observations revealed that external DRAM access remains a fundamental perfor-
mance bottleneck within the STT-VTA architecture. Consequently, the following
chapter extends the proposed architecture through the integration of deterministic
memory caching and data pre-fetching mechanisms.

The proposed caching mechanism enables memory-dependent modules to store
and retrieve intermediate tensors, feature maps, and computation results using on-
chip BRAM resources rather than repeatedly accessing external DRAM. This approach
reduces the frequency of DRAM read/write operations, minimizes memory-access
blocking delays, and improves DRAM availability for other system entities.

In addition, the proposed pre-fetching mechanism enables input data, weights,
and bias parameters to be proactively loaded from DRAM during predetermined
time windows in which the memory subsystem is not occupied by critical inference
operations. By statically scheduling these memory transfers, the architecture further
reduces memory-access latency and mitigates DRAM contention.

Furthermore, potential interference affecting the caching and pre-fetching subsys-
tems is managed using deterministic scheduling principles similar to those applied
for DRAM-access arbitration. This ensures predictable and interference-free operation
across all memory-related architectural components.

Together, these enhancements aim to significantly reduce the dependency on ex-
ternal DRAM and enable efficient utilization of multiple memory-oriented functional
units, including Load and Store modules. However, these improvements are expected
to introduce additional FPGA resource overhead, which is analyzed and evaluated in
the following chapter.
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Chapter 6

Deterministic Caching and
Pre-fetching for STT-VTA (STA-CP)

This chapter presents a comprehensive overview of the system model of the Super-
scalar Time-Triggered VTA with Caching and Pre-fetching (STA-CP) architecture,
together with the scheduler featuring a built-in simulator (STA-CP Scheduler). Un-
like the previous chapters, this chapter adopts a more formal presentation style by
introducing the semantic definitions, scheduling rules, and architectural notations
underlying the development of the STA-CP architecture and its associated scheduling
framework.

Section 6.1 introduces the STA-CP architecture and its development methodology,
highlighting the functional and architectural requirements that guided its design.
Particular emphasis is placed on the model-driven nature of the STA-CP architecture,
where the static hardware configuration is generated at compile time according to the
specific computational and memory requirements of the analyzed AI model.

Section 6.2 presents the architecture and scheduling methodology of the STA-CP
scheduler. This section details the scheduling stages, dependency analysis mecha-
nisms, and scheduling rules responsible for: (1) generating the configuration files
required for the automated construction of the STA-CP architecture, (2) adapting and
extending instruction metadata to support deterministic caching and pre-fetching
operations, and (3) generating precise timing schedules for all functional modules
within the architecture.

In Section 6.3, the proposed STA-CP architecture is evaluated to demonstrate
its capability to provide both deterministic and optimized AI inference execution
with reduced memory-access latency and improved resource utilization. Finally,
Section 6.5 concludes the chapter by discussing the key findings, architectural trade-
offs, current limitations, and potential directions for future enhancements of the
proposed architecture and scheduling framework.

6.1 System Model of STA-CP

The Superscalar Time-Triggered Versatile Tensor Accelerator with Cache and Pre-
fetching (STA-CP) extends the foundational STT-VTA architecture, addressing the
performance limitations arising from frequent and latency-sensitive DRAM accesses.
The STA-CP architecture integrates an on-chip, BRAM-based deterministic caching
mechanism and a static data pre-fetching strategy, while fully preserving the temporal
guarantees of the time-triggered execution model. Before discussing the develop-
ment process of the STA-CP in detail, we first introduce the general notations and
definitions used throughout this chapter.
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General Notation

• Module m ∈ M = {L, C, S}. Where: L =⇒ Load, C =⇒ Compute,
S =⇒ Store.

• Intermediate data buffer dBsrc,dst ∈ BUFFinterm. = {dBL,C, dBC,S}.

• Module dispatcher dm ∈ D = {dL, dC, dS}.

• Module schedule Schedm ∈ Schedule = {SchedL, SchedC, SchedS}.

• Global Time Base (GTB) is a global counter mechanism that synchronizes all
dispatchers and enforces deterministic time-triggered execution, where the
frequency of the GTB is T .

• Instruction set I = IL ∪ IC ∪ IS for a given AI model, where each i ∈ I is
appended with metadata µi.

• Instruction queue iqm ∈ IQ = {iqL, iqC, iqS} is used to hold the instructions of
the respective module m.

6.1.1 Functional Modules and Dispatching Semantics

FIGURE 6.1: Superscalar Time-Triggered Versatile Tensor Accelerator
with Cache and Pre-fetching (STA-CP) Architecture

At STA-CP core as in Figure 6.1, the architecture retains the modular structure of
STT-VTA, consisting of Load modules, Compute modules, and Store modules, each
managed by dedicated dispatchers under the supervision of a global time base (GTB).
Instructions for these modules are distributed by the Instruction Fetch Module, which
reads the Instruction set I from DRAM (MDRAM) and distributes each instruction
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i ∈ I into the respective module instruction queue iqm. In the STA-CP, each functional
module m executes exactly one instruction i ∈ iqm at every triggering instant from its
dispatcher dm. Formally, the dispatching operation of module m can be expressed as:

dm(Schedm, t) ⇒ istart(t) ∈ iqm,

where Schedm denotes the precomputed time schedule for module m, and t ∈ T
represents the current global time instant.

6.1.2 Cache-Aware Memory Access Semantics

A central extension of STA-CP is the integration of an on-chip BRAM-based cache
"BRAM", which holds intermediate feature maps and inference results. By reusing
cached data whenever possible, the architecture minimizes redundant DRAM opera-
tions and improves throughput.

FIGURE 6.2: STT-VTA & STA-CP: Instruction Patterns including Meta-
data

The instruction pattern used for the STA-CP architecture comprising the following
fields (i.e., see Figure 6.2):

1. Main Fields:

(a) OPCODE (3 bits): Encodes the operation type, specifying whether the
instruction corresponds to a Load, Compute, or Store operation.

(b) Dependency Flags (4 bits): Capture inter-instruction data and execution
dependencies, ensuring temporal ordering and synchronization across
modules.

(c) Operation Field (115 bits): Describes the operation-specific parameters.
For memory instructions, this field specifies DRAM transaction parameters
including DRAM offset and region of the write/read operations, whereas
for compute instructions, it defines arithmetic micro-operations such as
tensor multiplication, convolution, or accumulation.

2. Metadata Fields (µi):

(a) Module ID (2 bits): Identifies the functional modules responsible for
executing the instruction in case there are multiple modules of the same
type available in the architecture (i.e., superscalar architecture).

(b) Source and Destination Module IDs (2 bits each): Define the producer–consumer
relationship between modules, enabling deterministic data routing within
the superscalar pipeline.
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(c) Cache Flag (1 bit): Indicates whether the instruction operates on cacheable
data within the on-chip BRAM cache. When set to 1, the module targets
the cache memory and avoiding off-chip DRAM access.

Target(i) =

BRAM, if µi.CacheFlag = 1

DRAM, otherwise

(d) BRAM Operation Field (115 bits): Mirrors the DRAM operation field but
encodes parameters specific to BRAM transactions.

BRAMOperation = {BRAM_offset, BRAM_range}

(e) Reserved Field (12 bits): Allocated for future architectural extensions.

By encoding this extended metadata into the Load and Store instructions, the STA-
CP’s memory modules become cache-aware—dynamically selecting the appropriate
memory target (BRAM or DRAM) based on each instruction’s cache flag.

6.1.3 Scheduling Semantics

During scheduling process (detailed in Section 6.2), the STA-CP scheduler with
built-in simulator analyzes the instruction stream I to:

1. Determine the appropriate set of functional modules M′ = {L(x), C(y), S(z)},
where x, y, z ∈ N ≥ 1 are the number of instances of the corresponding module
for the superscalar architecture, including:

(a) their Instruction queues IQ′ = {iq(x)
L , iq(y)C , iq(z)S },

(b) their dispatching pipelines D′ = {d(x)
L , d(y)C , d(z)S }, and

(c) the sizes of their intermediate data buffers BUFF′
interm. = {dB(x∗y)

L,C , dB(y∗z)
C,S }

to allow cross-interconnections between modules.

2. Adapt the metadata µi of instruction i ∈ I , which lead to a new instruction set
I ′.

3. Calculate required cache size (i.e., BRAM size)

4. Generate the module schedule "Schedm" that defines the starting time instance
"Start(i)" and finish time instance "Finish(i)" for all instructions in I .

6.1.4 Synthesis and Execution Semantics

When the scheduling phase is concluded, the VTA compiler backend and Xilinx
toolchain synthesize the specialized configuration of STA-CP. The synthesis function
is defined as:

Fsyn : (M′, IQ′,D′, BRAM, Schedule, T , BUFF′
interm.) → BitstreamSTA-CP

which generates the hardware bitstream that configures the STA-CP system for a
specific workload.

Finally, the execution of the architecture can be represented by:
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Execute : (Input = {Image, Weights, Biases}, I ′, BitstreamSTA-CP) →
Deterministic Inference Latency and Output

ensuring that, when a given instruction set I ′ is executed on the deployed STA-CP
architecture, its behavior—and resulting output—remain both temporally predictable
and deterministically reproducible.

6.2 STA-CP Scheduler

FIGURE 6.3: Scheduler with built-in simulation "STA-CP Scheduler"

In this section, we focus on the STA-CP scheduler (i.e., illustrated in Figure 6.3),
which has been developed to support the extended STA-CP architecture. This version
performs deeper analysis of model instructions to determine their data dependencies
and to classify memory operations—including load and store instructions—between
BRAM (cache) and DRAM. It also identifies load instructions eligible for pre-fetching
by the load modules, and determines the optimal cache memory size as well as the
appropriate dimensions of intermediate buffers (input, weight, and output buffers)
between functional units. At the same time, version 3 adapts instructions metadata
to guarantee consistent and synchronized execution across functional units.

The scheduler, shown in Figure 6.3, is structured into two primary stages, where:

• Stage 1: focuses on analyzing data dependencies among memory instructions
(i.e., both loads and stores instructions) to identify caching opportunities and to
determine the optimal cache size.
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• Stage 2: plays an important role in selecting load instructions eligible for pre-
fetching, optimizing the architecture for a given AI model, and generating
timing schedules for the individual modules.

6.2.1 Stage 1 — Data Dependency Analysis and Layer-Based Cache Man-
agement

The first stage of the simulation framework performs a comprehensive data depen-
dency analysis to uncover store–load relationships that exhibit temporal data reuse
and are therefore good candidates for caching. Identifying these dependencies early
in the simulation process is essential for enabling predictable memory management
and effective exploitation of on-chip BRAM.

FIGURE 6.4: Data Dependency Analysis for Caching

This stage, as illustrated in Figure 6.4, begins by retrieving the instruction trace
generated by the TVM compiler, which is stored in a log file. The simulator sequen-
tially parses this file and categorizes only the memory instructions into two separate
lists:
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1. A store list, which contains all store-type instructions.

2. A load list, which contains all load-type instructions.

Once the memory instructions are categorized, the simulator performs a system-
atic dependency analysis by iterating over both lists. To ensure causal consistency,
each store instruction s ∈ IS is analyzed against subsequent load instructions l ∈ IL
that appear later in the trace (i.e., ID(l) > ID(s)), where instruction’s ID is a tuple
(i.e., Layer + program counter). If both instructions operate on the same memory
address, stride, and have equal data size, they are considered to form a valid memory
dependency (MemDep(s, l) = 1). These dependencies indicate potential data reuse
opportunities, then the complete set of such active cacheable pairs is defined as:

Acache = {(s, l) | s ∈ IS, l ∈ IL, MemDep(s, l) = 1}

Once cacheable pairs are identified, the simulator proceeds to determine the
specific cache memory requirements. Since the data sizes of both store and load
instructions are known, the simulator employs an incremental accumulation method
to calculate the total amount of data that must be cached. This process allows the
simulator to derive precise BRAM offsets and allocate appropriate memory regions
within the cache. These calculated offsets and regions are then used to update the
BRAM-operation fields in the metadata of the store and load instructions, ensuring
that cached data is correctly mapped and retrievable during execution.

Unlike generic instruction-level cache models, this analysis is performed at the
layer-granularity of a given AI model. Since most AI workloads—such as CNNs
or transformers—execute in well-defined stages, modeling cache reuse at the layer
granularity better reflects real temporal locality and simplifies predictability analy-
sis. Therefore, for each valid store–load pair (s, l), the simulator identifies the first
and last layers during which the corresponding data remains required. Thus, the
corresponding reuse window can be defined as:

[Layer(s), Layer(l)]

where Layer(s) and Layer(s) are the layer IDs of the instruction s and l, respectively.
Within this interval, the data produced by an instruction s (i.e., Datas) must remain

resident in the on-chip BRAM to guarantee deterministic reuse by l. After the final
reuse layer completes, the data becomes obsolete and may be safely evicted.

Additionally, since on-chip BRAM capacity is limited, the simulator enforces a
strict capacity constraint:

∑
(s,l)∈Acache

Size(Datas) ≤ CacheSize

Whenever the inclusion of a new cacheable pair (s, l) would exceed the available
BRAM capacity within its reuse window, the pair is excluded from caching to preserve
deterministic resource bounds and the pair proceeds using direct DRAM access
instead of on-chip caching.

Conversely, if a cacheable pair is successfully admitted to the on-chip cache, its
data must remain resident until the end of its reuse window, after which it becomes
eligible for eviction at Layer(l). To manage this process predictably and efficiently,
the proposed framework maintains a dynamic set of free BRAM regions, allowing
fine-grained and deterministic reuse of space released through eviction.
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Let F denote the ordered set of currently free BRAM address space, where bi and
ei are the first and last free addresses spaces respectively:

F = {[bi, ei] | 0 ≤ bi < ei < CacheSize}.

Initially, F = {[0, CacheSize]}, representing the entire BRAM address space. When
allocating space for a new cacheable pair (s, l), the allocator deterministically selects
the first region sufficiently large to accommodate its data:

∃[bi, ei] ∈ F such that ei − bi ≥ Size(Datas).

The pair is then assigned to the lowest available address range within that region and
offest:

Region(s, l) = [bi, bi + Size(Datas)], Off(s, l) = bi.

After allocation, the occupied range is removed from F , and any remaining
portion of the interval is retained as free space. This deterministic first-fit allocation
policy ensures consistent cache behavior across runs.

Once a pair’s reuse window expires (i.e., the last reuse layer has completed), the
corresponding data is evicted. Where, the eviction updates the active cache set, as
well as the free-space map by merging adjacent free intervals:

Acache = Acache \ {(s, l)},

F = Merge(F , Region(s, l))

The adopted merging strategy enables deterministic mid-memory reuse within
the BRAM address space. Whenever a previously allocated region becomes available,
it can be reassigned to a new cacheable pair, provided that the free region satisfies the
required storage capacity constraints.

It is important to note that this memory-management policy may introduce in-
ternal fragmentation within the BRAM. Nevertheless, the primary objective of the
STA-CP architecture is to minimize memory-access latency and preserve deterministic
execution behavior, rather than maximizing BRAM utilization efficiency alone. Al-
though more sophisticated memory-management mechanisms, such as paging [106],
could reduce fragmentation, they would also introduce additional address-translation
overhead, increase BRAM access frequency, and complicate timing predictability.
Such effects directly conflict with the low-latency and temporal-determinism require-
ments targeted by the proposed architecture.

Finally, each instruction is annotated with extended metadata to capture cache-
related attributes as:

µi = (moduleID, srcID, dstID, 1, Off(s, l), Region(s, l))

where the update is applied to both store s and load l in the pair(s, l).
Consequently, Stage 1 provides the analytical groundwork for deterministic

caching within the Superscalar Time-Triggered Tensor Accelerator (STA-CP). By
coupling fine-grained data dependency analysis with layer-based cache management
and interval-aware allocation, this stage ensures that every cache decision is pre-
dictable, analyzable, and efficiently utilizes available cache memory. Importantly,
it supports deterministic reuse of freed memory regions—including those in the
middle of the address space—thus maintaining high resource utilization without
compromising temporal determinism of reuse windows.



6.2. STA-CP Scheduler 63

6.2.2 Stage 2 - Scheduling

In the following, we outline the distinct phases of the scheduler and its simulation
process, as depicted in Figure 6.3. The simulator operates as a set of concurrent
software threads, each serving as a lightweight abstraction of the corresponding
hardware module in the STA-CP architecture. This simulation framework enables a
detailed analysis of the execution behavior of the instruction stream associated with
a given AI model, ensuring accurate modeling of module interactions, dependencies,
and timing characteristics. Each phase is described operationally and expressed
formally to define the simulation state-transition semantics.

1. Configuration Phase: Before scheduling and simulation process begins, a
configuration file Con f ig is initialized with the following parameters:

Con f ig = ⟨T, Mcache, Mdram, IQ, DQ, BSL, pre-fetch_Flag⟩

where:

• T is a set of module threads, where Tm(ID) ∈ T = {T(x)
load, T(y)

compute, T(z)
store},

x, y, z ∈ N ≥ 1, and ID is a thread identifier;

• Mcache and Mdram are mutual-exclusion locks for BRAM and DRAM con-
trollers;

• Instruction Queues (IQ): iqm(ID) ∈ IQ = {iq(x)
load, iq(y)compute, iq(z)store};

• Dependency Queues (DQ):
∀Tm(ID) ∈ T, ∃ dqm(ID) ∈ DQ = {(dqsrc(ID), dqdest(ID))},
where src(ID) & dst(ID) are, respectively, the source and destination
module threads with the identifier ID;

• BSL is a Store/Load Dependency Buffer: A unidirectional buffer that is
instantiated between the store and load threads, enabling load threads to
track executed store instructions and their finishing time instants. This
information is essential for determining whether a load instruction is
eligiable for pre-fetching, thus scheduled earlier or must wait for a (subset-
) data dependency from a store instruction;

• pre-fetch_Flag ∈ {True, False} controls early load scheduling, if set to
True by the user;

Additionally the metadata of the instruction set I are initialized as follows:
∀i ∈ I, which include metadata µi
if i is Memory-instruction, then µi = (module_ID, src_ID, dst_ID, CacheFlag,
BRAMOperation), initialized as (1, 1, 1, 0/1, o f f , range) - where CacheFlag and
BRAMOperation are results from Stage 1 (i.e., see Section 6.2.1), and if i is non-
Memory-instruction, then µi = (module_ID, src_ID, dst_ID), initialized as
(1, 1, 1).

2. Pre-Simulation Phase The Parser sorts the instructions I into the queue iqm(ID)

of each module thread Tm(ID), based on the instruction OPCODE (i.e., instruc-
tion type), and module ID from the instruction metadata (i.e., see Figure 6.2).
Additionally, Let the initial simulation state be defined as:

Σ := ⟨Con f ig, I⟩.
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3. Schedule generation and Simulation Phase The primary objective of this phase
is to generate precise timing schedules for all active modules within the STA-
CP architecture. For each module m(ID), the schedule Schedm(ID) represents
an ordered sequence of start timing instances corresponding to its assigned
instructions i ∈ iqm(ID). Accordingly, the simulation process determines both
the start and finish instances of every instruction executed across the module
threads.

Declarations: For an instruction i:

• i.pop ∈ {True, False}, if true → current instruction depends on another
module’s instruction,

• i.push ∈ {True, False}, if true → another module’s instruction depends
on the current one,

• pred(i) = immediate predecessor of i in iqm(ID),

• Start(i) and Finish(i) are the scheduled start and finish timing instances.

Operational Rules: Each module thread Tm(ID) operates concurrently, adher-
ing to the execution semantics defined by Rules (1–5):

(a) Rule 1 (Deterministic Instruction Sequencing per Module-Thread): Each
thread Tm(ID) continues to process and schedule every single instruction
i ∈ iqm(ID), while preserving strict temporal ordering:

∀i, j ∈ iqm(ID), i < j =⇒ Finish(i) ≤ Start(j).

(b) Rule 2 (Scheduling Start instance) =⇒ Start(i):

i. Condition 2.1 (Scheduling-based Sequential Operation): If the pop
flag i.pop = False (i.e., instruction i does not depend on any other
instruction), the current instruction’s start instant is scheduled directly
after its predecessor instruction’s finish instant.

Start(i) := Finish(pred(i)).

ii. Condition 2.2 (Scheduling-based dependency): If the pop flag i.pop =
True (indicating that instruction i depends on another instruction j
from a different source module), the dependent instruction j and
its scheduled finish instance are retrieved from the corresponding
source queue dqsrc(ID), where ID = µi.src_ID. The module thread
then checks whether the finish time of j is greater than or equal to that
of the predecessor instruction within the same module.

if Finish(j) ≥ Finish(pred(i)), then Start(i) := Finish(j),
else i is marked as a pending instruction

iii. Condition 2.3 (Pending Instruction Handling): If i.pop = True and i
is pending because Finish(pred(i)) > Finish(j), then the configuration
manager is called to handle the pending instruction:

(Con f ig, I) ConfigMgr(PID(i))−−−−−−−−−−→ (Con f ig′, I ′)
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This means, terminating the current scheduling and simulation round
and restarting with an updated configuration Con f ig′ and updated
instructions I ′.
An instruction is classified as pending when it is ready for execution by
its designated module but cannot proceed due to that module being
occupied. To mitigate such stalls, the simulator employs the Pending
Instruction Detector (PID) and the Configuration Manager to dynam-
ically scale the architecture by instantiating additional module threads
as needed. Thus, the PID is instantiated for all available threads, not
only compute threads as in [103]. Consequently, each module thread is
capable of detecting pending instructions in its instruction queue and
notifying the Configuration Manager of any findings. Whereas, the
Configuration Manager initiates a reconfiguration procedure to handle
the pending instruction and update the simulation configuration file
(Con f ig). Equations (6.1)–(6.4) collectively define the reconfiguration
workflow managed by the Configuration Manager. Upon detecting
a pending instruction, the manager suspends the ongoing simula-
tion, reallocates the instruction to a newly instantiated module of the
same type, and propagates the corresponding dependency updates
across all affected instruction metadata. Specifically, the module ID
of the pending instruction is incremented (6.1), while metadata fields
of dependent (i.e., destination Module ID) and successor (i.e., source
Module ID) instructions are updated to preserve correct data routing
and synchronization (6.2). The configuration file is then revised using
the Equations in (6.3) to reflect the newly added module-thread in-
stance (Tm(ID)) and its inter-thread dependencies (dqm(ID)) as well as
its dedicated instruction queue (iqm(ID)). Finally, the simulator is reini-
tialized with the updated configuration state (6.4), ensuring a seamless
continuation of the simulation under the expanded architectural setup.

(1) Termination:
Stop current simulation cycle;

(2) Assign instruction i to another module thread:
µi.module_ID := µi.module_ID + 1; (6.1)

(3) ∆-Metadata Propagation:

∀j ∈ I ,

{
µj.src_ID = µi.module_ID if j depends on i,
µj.dst_ID = µi.module_ID if i depends on j,

(6.2)
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(4) Configuration Update:
if Tm(µi .module_ID) ∄ in Con f ig.T, then{

Con f ig′.T := Con f ig.T ∪ {Tm(µi .module_ID)};

Con f ig′.DQ := Con f ig.DQ ∪ {dqm(µi .module_ID)};

Con f ig′.IQ := Con f ig.IQ ∪ {iqm(µi .module_ID)}}; (6.3)

(5) Reinitialization:
Σ′ := ⟨Con f ig′, I ′⟩. (6.4)

This process ensures that all pending instructions are resolved, inter-
instruction dependencies are correctly realigned, and actual modules
of the STA-CP architecture are efficiently utilized during inference
execution after being deployed on the hardware.

iv. Condition 2.4 (Scheduling-based Pre-Fetching): Let il and is denote a
load and store instructions respectively. If pre-fetching option enabled
in the configuration file Con f ig.pre-fetch_Flag = True and type(is) =
Store, then:

∀is ∈ iqstore(ID), BSL := BSL ∪ (is, Finish(is))

For each store instruction is, the store thread (Tstore(ID)) pushes the
instruction and its scheduled finish instant into the Store/Load Depen-
dency buffer BSL. This information enables the load thread (Tload(ID))
to correctly schedule their load instructions by accounting for potential
overlaps or intersections with preceding store operations.
Additionally, if Pre-fetching option enabled Con f ig.pre-fetch_Flag =
True and type(il) = Load, then:

Start(il) :=

{
Finish(is) if ∃is ∈ BSL : Overlap(il , is),
Finish(pred(il)) otherwise.

where BSL is a Store/Load Dependency buffer, and is denotes a store
instruction whose memory operations intersect with those of the load
instruction, either in DRAM or BRAM. If no intersection exists, the
load instruction becomes eligible for pre-fetching, and its start instant
is scheduled directly after the completion of its predecessor instruction
within the load module. It should be noted, however, that this prelim-
inary scheduling may be adjusted in accordance with Condition 2.5,
which ensures that all pre-fetching operations are placed exclusively
within memory idle intervals. This constraint prevents any potential
interference with ongoing memory transactions, thereby preserving
deterministic and contention-free memory behavior.

v. Condition 2.5 (Scheduling-based Memory Interference avoidance):
For memory-type instructions type(i) ∈ {Load, Store}, regardless of
whether the cache flag is set to True or False, the thread first checks the
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availability of the corresponding memory controller (i.e., the mutual-
exclusion lock Mmemory). If the controller is busy, the instruction
waits until it becomes free, after which its start instant is assigned
accordingly:

if ControllerBusy(Mmemory) ⇒ wait until free,

then, Start(i) :=

{
Finish(last(Mcache)) if µi.CacheFlag = True,
Finish(last(Mdram)) otherwise.

(c) Rule 3 (Identifying Finish instance) =⇒ Finish(i):

i. Condition 3.1 (DRAM Transactions): If µi.CacheFlag = False and
type(i) ∈ {Load, Store}:

Finish(i) := Start(i) + DRAMSim2(i),

where: DRAMSim2(i) represents the simulated DRAM access latency
corresponding to the i-th read or write instruction. For memory in-
structions targeting DRAM, DRAMSim2 [98] is utilized to model and
evaluate their transaction timing. This approach is necessary because
DRAM is treated as an external peripheral on FPGA boards and there-
fore is not accurately represented within Xilinx’s Cycle-Accurate Sim-
ulator. To capture realistic timing behavior, DRAMSim2 is used to
estimate the precise cycle count associated with each memory instruc-
tion under analysis. Formally, this can be expressed as:

DRAMSim2(i) := sim(i.Address, i.DataSize, i.OperationType)

ii. Condition 3.2 (BRAM Transactions or Non-Memory Instructions):
If (µi.CacheFlag = True and type(i) ∈ {Load, Store}) or type(i) =
Compute:

Finish(i) := Start(i) + cycles(i).

Where: cycles(i) are obtained in advance from the Xilinx’s Cycle-
Accurate Simulator (referring to Figure 3.1). This is due to the fact
that, during behavioral simulation, BRAM-memory is already used as
an alternative to off-chip memory (DRAM).

iii. Condition 3.3 (Push-Notification to other Threads): If i.push = True,
then the instruction i and its scheduled finished instance Finish(i) are
pushed to the destination module’s queue

dqdst(ID) := dqdst(ID) ∪ (i, Finish(i)), where ID = µi.dst_ID.

(d) Rule 4 (Module Schedule Generation) =⇒ Schedm: The start instant of
the instruction is then appended to the module schedule.

Schedule : Schedm(ID).append(Start(i))

Note: When the scheduling and simulation process is concluded as well
as the STA-CP architecture is deployed on the hardware (i.e., FPGA),
the schedule of module m is then utilized by the dispatcher pipeline dm
to trigger the module to execute each instruction i ∈ iqm(ID) whenever
the global time counter matches the instruction’s scheduled start instant,
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proceeding sequentially until the entire queue has been processed.

(e) Rule 5 (Identifying Interm. src/dst data buffer size) =⇒ dBsrc,dst: This
rule addresses the impact of architectural scaling and the introduction
of pre-fetching on intermediate data buffering. When pre-fetching is en-
abled, load modules retrieve data earlier than its consumption time, which
accelerates buffer fill rates. Without adequate buffering, this behavior
may result in overwriting or corruption of unprocessed data. To prevent
such hazards and ensure deterministic data flow, the intermediate buffer
size between any source (data producer) and destination (data consumer)
modules must be carefully analyzed and dimensioned.
Formally, let dBsrc(ID),dst(ID) denote the intermediate buffer capacity be-
tween a source module src(ID) and a destination module dst(ID). For
each instruction i ∈ iqm(ID), let DataSize(i) represent the volume of data
produced by i, and let j denote the corresponding consuming instruction
in the destination module, thus:

∀dBsrc(ID),dst(ID) ∈ BUFFinterm.

The evolution of the buffer occupancy is governed by:

dBsrc(ID),dst(ID) :=


dBsrc(ID),dst(ID) + DataSize(i),

if i.push = True ∧ type(i) ∈ {Load, Compute} at Finish(i),
dBsrc(ID),dst(ID) − DataSize(i),

if j.pop = True ∧ type(j) ∈ {Compute, Store} at Start(j).

Each data block produced by instruction i must remain valid within the
intermediate buffer during its logical lifetime:

[Finish(i), Start(j)],

representing the interval between data production and its subsequent
consumption.
At any scheduled instant t, the instantaneous buffer occupancy is given
by:

dBsrc(ID),dst(ID)(t) =
(

dBsrc(ID),dst(ID)

∣∣ Finish(i) ≤ t < Start(j)
)

,

while the maximum buffer requirement observed throughout the simula-
tion is:

dBmax
src(ID),dst(ID) = max

t
dBsrc(ID),dst(ID)(t).

This formalization enables the simulator to derive precise buffer capacity
requirements that guarantee contention-free communication between mod-
ules within the STA-CP architecture, even under aggressive pre-fetching
and parallel execution conditions.

4. Post-Simulation Phase In this phase, the configuration file, instruction meta-
data, intermediate buffer sizes, and Cache memory size information are used
to configure the STA-CP architecture, referring to Section 6.1.4. Finally, the
STA-CP architecture is synthesized and implemented using Vivado-Xilinx tools
(see Figure 3.1), generating a bitstream file that can be used to configure the
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FPGA upon deployment. At this stage, the architecture is ready for testing and
validation.

6.3 STA-CP Evaluation

For hardware validation, the STA-CP architecture was implemented and deployed on
a Xilinx Zynq UltraScale+ ZCU104 platform, featuring a ZU7EV SoC with a quad-core
ARM Cortex-A53 and programmable logic (PL). The accelerator resides entirely in the
PL fabric, while the processing system (PS) hosts the TVM runtime and evaluation
scripts for AI applications (i.e., CNN models for object classification).

6.3.1 Experimental Setup

• Toolchain: Xilinx Vivado 2023.1 was employed for STA-CP logic synthesis,
placement, routing, and bitstream generation, after which the resulting bit-
stream was deployed to the programmable logic (PL) fabric using TVM’s evalu-
ation script.

• Clocking and Interfaces: All STA-CP modules operate at 333MHz within a
single global clock domain. Communication between the processing system (PS)
and the accelerator is established via AXI4-Lite for control signaling and AXI4-
Full for bidirectional data transfers between the programmable logic (PL) and
DRAM. An additional AXI4-Full interface facilitates data movement between
modules that access the on-chip cache memory (BRAM), while standalone-
buffer connections are employed for intermediate data transfers among internal
modules.

• Memory Constraints: The ZCU104 evaluation board provides a total of 11Mb of
on-chip Block RAM (BRAM), distributed across 312 blocks, each with a capacity
of 36Kb/8 = 4.5KB. This configuration yields a maximum of approximately
1.375MB of on-chip memory available within the programmable logic (PL)
fabric. In addition, a 512MB DDR4 serves as an external DRAM for the PL. It is
important to emphasize that the on-chip memory (i.e., BRAM) on FPGA designs
typically supports access latencies several times lower—or in many cases an
order of magnitude lower—than external DRAM accesses due to shorter paths,
lack of refresh overhead, and simpler control logic [107].

• Other Resource Constraints: The ZCU104 evaluation board provides the fol-
lowing maximum hardware resources: 230,400 look-up tables (LUTs), 460,800
flip-flops (FFs), and 1,728 digital signal processors (DSPs). These values define
the upper limits available for implementing the STA-CP architecture on the
platform.

• Configuration Loading: During initialization, the processing system (PS) loads
the instructions and their associated metadata into the accelerator’s instruc-
tion memory region located in DRAM. Once initialized, the accelerator au-
tonomously executes the scheduled inference under the coordination of the
Global Time Base (GTB).

6.3.2 Tested Models and STA-CP Configurations

Several Convolutional Neural Network models were used during testing the pro-
posed architecture: (1) ResNet-18, (2) ResNet-34, (3) ResNet-50, and (4) ResNet-101.
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These models represent large feed-forward networks with extensive feature-map
reuse. All models were quantized to INT8 using TVM’s quantization-aware flow to
ensure compatibility with the STA-CP’s modules.

TABLE 6.1: Different STA-CP configurations

Nr. of Nr. of Nr. of Peak DRAM Peak BRAM Intermediate
Config. Load/s Compute/s Store/s Utilization Utilization Buffers

STA(1) 1 1 1 4.36MB - 144KB
STA(2) 1 2 1 4.36MB - 144KB
STA-C 2 2 2 3.85MB 512KB 144KB
STA-CP 2 2 2 3.85MB 512KB 432KB = 144KB + 288KB

Four configurations were used for comparison as illustrated in Table 6.1. In this con-
figurations, STA(1) corresponds to the TT-VTA architecture equipped with a single
compute module, while STA(2) represents the STT-VTA architecture featuring two
compute modules for parallel tensor execution. The STA-C configuration extends
the STT-VTA design by integrating an on-chip cache (up to 512 KB) within the pro-
grammable logic (PL) fabric alongside its modules. Finally, the STA-CP configuration
extends the STA-C design by enabling static data pre-fetching alongside the existing
cache memory. To support early data fetching, an additional 288KB of intermediate
buffer space was introduced. This expansion was necessary because pre-fetching
accelerates data arrival into intermediate buffers, which could otherwise lead to data
overwrite or corruption if unprocessed data were prematurely replaced. The sizes of
the cache memory and intermediate buffers are derived analytically by the scheduler
during Stages 1 and 2 of the compilation process, as detailed in Section 6.2. The 512
KB cache size represents the maximum allowable Block RAM (BRAM) utilization for
this cache, as it brings the BRAM usage on the ZCU104 platform to approximately
97% of the available capacity. Therefore, we constrained the cache size to 512KB.

FIGURE 6.5: Cache Utilization

Figure 6.5 shows the layer-wise cache utilization for the ResNet models. The red
dashed line indicates the maximum on-chip cache capacity of the ZCU104 platform
(512KB), which was provided to the scheduler in Stage 1 to account for Block-RAM
limitations. The black curve represents the actual cache utilization during inference
under the Block-RAM constraints, while the green curve depicts the maximum cache
demand estimated from the data-dependency analysis of all identified cachable pairs,
assuming unlimited Block-RAM availability.

For smaller networks such as ResNet-18 and ResNet-34, cache utilization re-
mains well below the hardware limit across all layers. This indicates all identified
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cachable pairs fit comfortably within the available BRAM. Consequently, this allowed
deterministic reuse without any cache overflow.

In contrast, the deeper networks, ResNet-50 and ResNet-101, exhibit substantially
higher and more variable cache utilization, particularly in the early layers. These
fluctuations arise from larger tensor dimensions and overlapping data dependencies
during the initial convolutional stages. The green traces indicate the peak cache
requirements, which in some layers exceed the 512KB limit. Consequently, during
Stage 1 of the data-dependency analysis, only cachable pairs that achieve high hit
rates and fit within the available on-chip cache during their reuse window are selected
for caching. Pairs that exceed the Block-RAM capacity are excluded from on-chip
caching and are instead mapped to DRAM.

For instance, in both ResNet-50 and ResNet-101, cache utilization in layer 22
approaches the maximum on-chip cache capacity. Consequently, certain data that
would ideally be cached are excluded. These data are subsequently required in layer
44 of ResNet-50 and layer 95 of ResNet-101. Because their hit rates were low and
caching them would have exceeded the available cache capacity during their reuse
windows, they were not stored in the on-chip cache. This accounts for the small gap
observed between the green and black curves between layers 22–44 in ResNet-50 and
layers 22–95 in ResNet-101.

6.3.3 Measurement Methodology

1. Latency Measurement:

(a) Inference latency @ compile time: During compile time, the scheduler
not only generates timing schedules for the STA-CP modules but also
performs an analytical estimation of the expected inference latency for
the given model. These schedules correspond solely to hardware-level
execution; therefore, the analysis assumes that the model instructions and
input data are already resident in DRAM, and that all instructions have
been distributed to the instruction queues of the respective modules. As a
result, any data transfer overhead is excluded from this latency estimation.
The total inference time can thus be expressed as:

TIn f erence(Model) = TSTA−CP(sim) + TOverhead(HW)

TABLE 6.2: TOverhead w.r.t Tested Models

Models Nr. of Layers TOverhead [ms]

ResNet-18 19 13.7
ResNet-34 35 21.8
ResNet-50 52 45.1
ResNet-101 103 69.1

Where. TOverhead represents the latency associated with transferring input
data and model instructions from the processing system (PS) to DRAM,
fetching instructions from DRAM and their categorization and distribution
into the instruction queues of individual modules via the Fetch module
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prior to inference execution on the programmable logic (PL), and transfer-
ring inference results from DRAM back to the PS upon completion. For all
models the TOverhead is illustrated in Table 6.2.

(b) Inference latency @ run time: For each evaluated model, the execution
duration (i.e., inference latency) was measured using both: (1) the internal
timing mechanism of the TVMruntime script and (2) hardware-level timing
based on the Global Time Base GTB state before and after inference exe-
cution on the accelerator architecture. The comparison revealed that the
inference latencies measured on the programmable logic (PL) were con-
sistently aligned with the anticipated inference latency estimated by the
scheduler at compile time and were uniformly lower than those reported
by the time-measuring-function within TVMruntime. Formally, the PL-level
inference latency is defined as:

TIn f erence(PL)(model) = GTBA f ter − GTBBe f ore = TSTA−CP(sim),

while the relationship between the two measurement methods can be
expressed as:

TIn f erence(PL)(model) < TIn f erence(TVMRuntime)(model).

The inference latencies presented in Table 6.3 correspond to measurements
obtained from the TVMruntime. These results were selected to demonstrate
the effectiveness of the proposed approach under a full-system evaluation
scenario—that is, encompassing the complete inference pipeline from
input provisioning to the retrieval of inference results.

2. Resource Utilization: Post-implementation reports from Vivado were analyzed
to extract resource utilization metrics including look-up tables (LUT), flip-flops
(FF), block-ram (BRAM), and digital signal processor (DSP) usage.

6.3.4 Resource Utilization

The resource utilization of the tested architectures on the ZCU104 platform is sum-
marized in Figure 6.6. It reports the percentage of the FPGA resources consumed,
including look-up tables (LUTs), flip-flops (FFs), block RAM (BRAM), and digital
signal processors (DSPs).

• STA(1): With a single compute module, STA(1) consumes 40% of LUTs, 42% of
FFs, 31% of BRAM, and 16% of DSPs. This configuration represents the TT-VTA
implementation, that achieve deterministic inference execution with modest
resource usage.

• STA(2): Doubling the number of compute modules resulted in resource uti-
lization rising to 55% LUTs, 56% FFs, 44% BRAM, and 31% DSPs. The notable
increase in DSP consumption corresponds to the integration of an additional
compute module, which effectively enabled parallel tensor operations and
contributed to a substantial reduction in overall inference latency.

• STA-C: The integration of a 512KB on-chip cache memory further increases
resource utilization, most notably in BRAM, which rises to 82%. LUT and FF
usage also grow to 76% and 81%, respectively, reflecting the added control
logic and cache management infrastructure, including additional load and store
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FIGURE 6.6: Resources Utilization of STA-CP Configurations

modules. DSP utilization remains constant at 31%, confirming that no further
compute modules were introduced beyond those in STA(2).

• STA-CP: Enabling both caching and pre-fetching drives BRAM utilization to its
peak at 97%, primarily due to the enlarged intermediate buffer size of 432KB
required to support proactive data loading. LUT and FF utilization remain
unchanged at 76% and 81%, respectively, indicating that pre-fetching strategyy
primarily adds memory control overhead without requiring any additional
logic overhead. Similarly, DSP usage remains steady at 31%, confirming that
compute parallelism remains constant across configurations.

6.3.5 Inference Latency Results

TABLE 6.3: Inference latency (TInference) for tested models across STA-
CP configurations

Models STA(1) [ms] STA(2) [ms] STA-C [ms] STA-CP [ms]

ResNet-18 53.2 42.5 41.8 37.7
ResNet-34 95.0 76.1 75.0 66.2
ResNet-50 192.8 160.0 143.3 134.3
ResNet-101 310.6 257.7 235.5 216.4

Table 6.3 summarizes the inference latencies for all tested ResNet models across
the STA-CP configurations. STA(1), corresponding to TT-VTA with a single compute
module, establishes the baseline latency for each model. By introducing a second
compute module in STA(2), inference times are reduced by 17–20% relative to STA(1),
demonstrating the benefits of parallel execution of tensor operations across multiple
compute modules.

In STA-C, deterministic caching further lowers latency by 1.4–10% compared
to STA(2), as repeated accesses to DRAM are eliminated and frequently reused
intermediate data are retained in on-chip memory. The STA-CP configuration, which
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combines caching with static data pre-fetching, achieves the lowest inference times,
providing an additional 6–12% improvement over STA-C.

Overall, STA-CP reduces latency by approximately 30% relative to STA(1) for
all models, highlighting the cumulative impact of parallelism, caching, and pre-
fetching. These results demonstrate the effectiveness of the proposed caching and pre-
fetching strategies within different workloads. For example we have seen that some
models benefit more from caching as they have high data dependencies, particularly
for deeper networks with extensive reuse of intermediate tensors, such as ResNet-
50 and ResNet-101. We have also seen models with little data dependency like
ResNet-18 and ResNet-34 which benefited more from pre-fetching. However, the the
combined results is at the end the same using STA-CP architecture which can achieve
approximately 30% reduction of inference latency of all models. This validate the
effectiveness of the STA-CP.

Overall, the STA-CP architecture delivers a cumulative latency reduction of ap-
proximately 30% compared to STA(1) across all evaluated models, clearly demonstrat-
ing the synergistic effect of superscalar parallelism, deterministic cache utilization,
and static data pre-fetching. The evaluation reveals a balanced and predictable per-
formance gain across the different model structures: (i) deeper networks with strong
data dependencies, such as ResNet-50 and ResNet-101, benefit primarily from data
caching due to extensive intermediate tensor reuse, while shallower models like
ResNet-18 and ResNet-34 benefit more from early data pre-fetching, which mitigates
data stalls and improves pipeline continuity. Collectively, these results validate the
architectural soundness of STA-CP, confirming its ability to sustain high throughput,
efficient memory utilization, and fully deterministic execution across a range of deep
learning workloads.

6.4 STA-CP Evaluation Beyond Resource-Constrained Con-
figurations

In this section, we evaluate the impact of deterministic caching and pre-fetching on
inference latency under multiple architectural configurations. The analysis compares
cache-only configurations, denoted as STA-C, against configurations that integrate
both caching and pre-fetching, denoted as STA-CP. In addition, the number of Com-
pute units and the allocated cache capacity are varied to investigate their combined
influence on architectural performance and scalability.

Unlike the previous evaluations, the Scheduler with Built-in Simulation was
intentionally constrained from searching for the globally optimal architecture for
the target AI model. Instead, the following architectural constraint was enforced
throughout all experiments:

No. o f Load/Store Units = min(No. o f Compute Units, No. o f Available Memories)

Under this setup, the memory subsystem was restricted to a single DRAM interface
and a single Cache memory instance, while the number of Compute units was varied
across three configurations consisting of 1x, 2x, and 4x Compute units. This controlled
configuration enables systematic evaluation of the interaction between computational
parallelism, cache capacity, and memory-access optimization mechanisms.

ResNet-101 was selected as the benchmark model due to its high computational
complexity, deep network structure, and substantial memory footprint. The model
consists of approximately 40,000 instructions, making it an appropriate workload for
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stressing the memory subsystem and evaluating the scalability of the proposed archi-
tecture. Its intensive computation and frequent memory transactions provide clear
visibility into the effects of cache utilization, pre-fetching efficiency, and functional-
unit scaling.

Figure 6.7 illustrates the inference latency obtained for different STA-C and STA-
CP configurations. The x-axis represents the allocated cache size, while the y-axis
shows the measured inference latency in milliseconds. The evaluated configurations
contain one (1xC), two (2xC), and four (4xC) Compute units.

FIGURE 6.7: ResNet-101 Inference Latency under Different STA-C and
STA-CP Configurations

It is important to note that the shaded red regions in Figure 6.7 correspond to
configurations that exceed the available hardware resources of the target FPGA
platform. Consequently, these configurations were validated exclusively through the
Scheduler with Built-in Simulation and were not physically synthesized or deployed
on the FPGA. These simulation-based evaluations were included to analyze the
scalability behavior of the proposed architecture beyond the practical hardware
limitations of the evaluated platform and to provide insight into the potential benefits
achievable on larger FPGA devices.

The results presented in Section 6.3.5 demonstrate that the STA(2) architecture
without caching or pre-fetching remains strongly constrained by DRAM-access la-
tency. Although increasing the number of Compute units improves performance
compared to the single-Compute-unit configuration (i.e., STA(1)), the achieved gains
remain limited because the additional computational resources cannot be efficiently
utilized while memory operations continue to stall execution. This behavior confirms
that shared DRAM access constitutes a major performance bottleneck within the
architecture.

When deterministic caching is enabled (STA-C), a noticeable reduction in inference
latency is observed across all configurations. Even relatively small cache capacities
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significantly improve performance by storing frequently reused tensors and inter-
mediate feature maps within BRAM resources, thereby reducing the frequency of
external DRAM accesses. For example, the STA-C configuration with one Compute
unit reduces inference latency from approximately 310ms to nearly 261ms once a
cache size of 128KB is introduced. Similar improvements can also be observed for the
configurations containing two and four Compute units.

As cache capacity increases, the performance improvement gradually stabilizes.
This behavior indicates that the working set of the ResNet-101 workload becomes
sufficiently accommodated within the available cache space, thereby reducing the
marginal benefit of allocating additional BRAM capacity beyond approximately 1MB
of cache memory.

The largest performance improvements are achieved when deterministic pre-
fetching is integrated alongside caching in the STA-CP architecture. In this config-
uration, data transfers from DRAM and BRAM are statically scheduled ahead of
execution and overlapped with computation phases. Consequently, Compute units
can access the required data with significantly reduced waiting times, minimizing
execution stalls and improving overall pipeline utilization. The performance im-
provements becomes particularly evident in the configurations containing multiple
Compute units. For example, the STA-CP (2×C) and STA-CP (4×C) architectures,
incorporating two and four Compute units, respectively, can theoretically achieve in-
ference latencies of approximately 216ms and 214ms. A similar latency improvement
is observed for the single-Compute-unit configuration.

6.5 Discussion on STA-CP

This chapter presented the Superscalar Time-Triggered Versatile Tensor Acceler-
ator with Caching and Pre-fetching (STA-CP), a novel deterministic acceleration
framework that extends the time-triggered paradigm to enable predictable memory
orchestration. By transforming caching and pre-fetching—traditionally dynamic and
heuristic-driven mechanisms—into statically scheduled, compile-time operations,
STA-CP enables both high-performance inference execution and analytically tractable
temporal behaviour.

Experimental evaluation on the Xilinx Zynq UltraScale+ ZCU104 FPGA platform
demonstrates that STA-CP achieves up to a 30% reduction in inference latency across
diverse convolutional neural network workloads. These improvements are primarily
attributed to deterministic overlap of computation and memory access, reduced
DRAM contention, and efficient reuse of intermediate data within the on-chip cache
hierarchy.

Beyond these performance gains, STA-CP introduces the broader design principle
of memory-aware determinism, demonstrating that predictable memory management
and real-time analyzability can be achieved without compromising throughput. By
co-optimizing computation and memory scheduling within a unified time-triggered
framework, the proposed architecture advances the state of the art in deterministic
AI acceleration. The corresponding worst-case execution time (WCET) analysis and
validation of STA-CP are provided in Chapter 7 (Timing Analysis for STA-CP) and
Chapter 8 (WCET Validation for STA-CP), respectively, ensuring formal grounding of
its timing guarantees.

Finally, future work will explore extensions toward multi-model and mixed-
criticality execution, as well as adaptive yet deterministic caching strategies capable
of optimizing data reuse under dynamic workload conditions. Collectively, these
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directions further position STA-CP as a foundation for next-generation, certifiable AI
systems in safety-critical domains.
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Chapter 7

Timing Analysis of STA-CP

7.1 Overview and Motivation

Ensuring bounded and predictable execution latency is a fundamental requirement
for deploying AI accelerators in real-time and safety-critical systems. In contrast to
conventional throughput-oriented AI accelerators, which primarily optimize average-
case performance, the proposed Superscalar Time-Triggered Versatile Tensor Accelerator
with Cache and Pre-fetching (STA-CP) is explicitly designed to guarantee determinis-
tic execution behavior and analyzable timing semantics. This determinism enables
rigorous Worst-Case Execution Time (WCET) analysis, which is essential for system cer-
tification and temporal verification in domains such as autonomous driving, avionics,
robotics, and industrial automation.

Traditional AI accelerator architectures rely heavily on runtime scheduling, specu-
lative execution, adaptive cache policies, and dynamic arbitration of shared resources.
Although these techniques improve throughput and resource utilization, they in-
troduce timing variability and execution nondeterminism, making accurate WCET
estimation extremely difficult. In contrast, the STA-CP architecture eliminates these
sources of unpredictability through a fully static execution model in which all opera-
tions are analyzed, scheduled, and coordinated at compile time.

The proposed architecture achieves WCET analyzability through several tightly
integrated mechanisms. First, all execution activities are coordinated through a Global
Time Base (GTB), enabling a unified and synchronized time-triggered execution across
the entire accelerator architecture. Second, instruction execution schedules are gener-
ated statically using the Scheduler with Built-in Simulation (i.e., STA-CP Scheduler),
ensuring that the start and completion instances of all instructions are known before
deployment. Third, memory behavior is made deterministic through compile-time
cache management and schedule-aware pre-fetching, thereby eliminating runtime
cache misses and speculative memory operations. Finally, all shared-resource con-
tention is removed through schedule-aware arbitration and temporal partitioning of
memory transactions.

As a result, the execution timeline of the accelerator becomes fully deterministic
and analytically tractable. Consequently, the WCET of the accelerator can be com-
puted analytically rather than estimated probabilistically through runtime profiling
or statistical analysis. This property represents one of the key contributions of the
proposed STA-CP architecture.

7.2 Formal Definition of WCET

Let I ′ denote the scheduled instruction set after metadata enrichment, scheduling,
cache adaptation, and pre-fetching analysis. The WCET of the STA-CP accelerator
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executing a given AI model is formally defined as:

WCET = max
i∈I ′

(Finish(i))

where Finish(i) represents the statically determined completion time of instruc-
tion i.

Since all instruction start times and execution durations are determined during
scheduling, the WCET corresponds to the final completion event across all functional
units within the accelerator architecture. In other words, the WCET represents the
latest execution timestamp in the globally synchronized execution schedule generated
by the scheduler.

7.3 Instruction-Level Timing Analysis

The timing analysis process begins at the instruction level, where the execution latency
of each instruction is individually determined according to its type and memory
behavior. Since the proposed architecture contains both computation-bound and
memory-bound operations, different timing-analysis models are utilized depending
on the instruction characteristics.

1. Compute and BRAM-Based Instructions For compute instructions and memory
operations targeting on-chip BRAM resources, the completion time is defined as:

Finish(i) = Start(i) + cycles(i)

where cycles(i) denotes the execution latency obtained through cycle-accurate
behavioral simulation using the Xilinx simulation environment.

These instructions exhibit highly deterministic timing behavior because BRAM
access latency and computational execution latency remain fixed once the architec-
ture is synthesized. Consequently, the execution latency of these operations can be
accurately determined at design time.

2. DRAM-Based Memory Instructions For memory instructions targeting external
DRAM, the completion time is determined using DRAMSim2:

Finish(i) = Start(i) + DRAMSim2(i)

where DRAMSim2(i) represents the deterministic upper-bound latency of the
corresponding DRAM transaction.

The use of DRAMSim2 enables accurate modeling of external-memory behavior,
including row activations, bank conflicts, refresh delays, and memory-access timing
constraints. However, unlike conventional architectures where DRAM contention
introduces runtime variability, the proposed STA-CP architecture eliminates dynamic
memory contention through statically scheduled memory accesses. Consequently,
the DRAM timing behavior remains deterministic and analyzable.

The WCET can therefore be reformulated as:

WCET = max
i∈I ′

(Start(i) + C(i))

where:
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C(i) =

{
cycles(i), if i is compute or BRAM-based
DRAMSim2(i), otherwise

This formulation highlights that the total execution time of each instruction is
composed of its statically scheduled start time and its deterministic execution latency.

7.4 Module-Level WCET Composition

Due to the superscalar nature of the STA-CP architecture, execution is distributed
across multiple functional-unit instances:

M′ = {L(x), C(y), S(z)}

where:

• L(x) denotes Load modules,

• C(y) denotes Compute modules,

• S(z) denotes Store modules.

Each module instance maintains its own statically generated execution schedule:

Schedm(ID) = {Start(i1), Start(i2), . . . }

The WCET contribution of an individual module is therefore defined as:

WCETm(ID) = max
i∈iqm(ID)

Finish(i)

where iqm(ID) represents the instruction queue assigned to module m(ID).
The global WCET of the accelerator corresponds to the maximum completion

time across all module instances:

WCET = max
m(ID)∈M′

WCETm(ID)

This modular timing formulation enables scalable WCET analysis even when
multiple functional units are instantiated within the architecture.

7.5 Impact of Deterministic Scheduling

The deterministic execution behavior of the STA-CP architecture is fundamentally en-
abled through static scheduling performed by the Scheduler with Built-in Simulation.
During scheduling, all dependencies, execution orders, and memory transactions are
resolved prior to deployment. Thus, The scheduler guarantees:

• static dependency resolution,

• contention-free execution,

• deterministic instruction ordering,

• and globally synchronized execution timing.
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For intra-module execution ordering, the scheduler enforces:

∀i, j ∈ iqm(ID), i < j ⇒ Finish(i) ≤ Start(j)

This condition guarantees strictly sequential execution within each functional
unit and prevents overlapping operations that could introduce timing uncertainty.

Furthermore, instruction start times are defined as:

Start(i) = max (Finish(pred(i)), Finish(j))

where:

• pred(i) represents the predecessor instruction,

• j represents the latest conflicting operation.

Consequently, every instruction start time becomes a deterministic function of:

• predecessor completion times,

• dependency resolution,

• and memory-availability constraints.

This deterministic scheduling model eliminates runtime variability and enables
exact timing analysis.

7.6 Memory System Contribution to WCET

In deep-learning workloads, memory latency often dominates overall inference exe-
cution time. Consequently, deterministic memory behavior is essential for achieving
analyzable WCET bounds.

7.6.1 Deterministic Cache Behavior

The STA-CP architecture introduces deterministic cache management through compile-
time cache allocation and statically scheduled cache operations.

The memory target of each instruction is determined during scheduling:

Target(i) =

{
BRAM, µi.CacheFlag = 1
DRAM, otherwise

Since all cache-placement and cache-eviction decisions are resolved statically:

• runtime cache misses are eliminated,

• dynamic replacement policies are removed,

• memory-access latency becomes constant and predictable.

This behavior fundamentally differs from conventional cache hierarchies that rely
on adaptive runtime replacement strategies such as LRU or pseudo-LRU.
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7.6.2 Static Pre-fetching

The STA-CP architecture further improves memory behavior through deterministic
pre-fetching. With which, instructions are inserted only during statically identified
idle memory intervals:

Start(il) ≤ Startdemand(il)

As a result:

• data becomes available before computation begins,

• memory stalls are minimized,

• and execution overlap is improved.

Importantly, because pre-fetching is statically scheduled rather than speculative,
it introduces no runtime interference or timing variability.

7.6.3 Contention-Free Memory Access

To eliminate runtime contention, memory transactions are temporally partitioned
during scheduling:

Start(i) = Finish(last(Mmemory))

This condition guarantees:

• compile-time resolution of mutual exclusion,

• elimination of runtime queuing delays,

• and deterministic memory-access timing.

Consequently, DRAM behavior becomes predictable and suitable for WCET anal-
ysis.

7.7 Effect of Superscalar Scaling on WCET

The STA-CP architecture supports deterministic superscalar execution through the
instantiation of additional functional units.

The Configuration Manager dynamically introduces additional module instances
during scheduling whenever bottlenecks or pending instructions are detected:

∃ Tm(ID) ⇒ No pending instruction remains

This superscalar scaling enables:

• parallel execution of tensor operations,

• reduction of the critical execution path,

• elimination of statically detectable bottlenecks,

• and improved pipeline utilization.

Importantly, all scaling decisions occur before deployment. Therefore, superscalar
execution does not introduce runtime nondeterminism.
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7.8 Buffering and WCET Stability

Intermediate buffering structures are essential for maintaining continuous pipeline
execution and preventing runtime stalls caused by data dependencies.

The required buffer size is defined as:

dBmax
src(ID),dst(ID) = max

t
dBsrc(ID),dst(ID)(t)

This guarantees:

• no data overwrites,

• no buffer underflow,

• no runtime back-pressure,

• and uninterrupted pipeline execution.

Consequently, buffering removes another major source of execution-time variabil-
ity and contributes to WCET stability.

7.9 End-to-End WCET Expression

Combining all timing constraints and execution dependencies, the complete WCET
formulation of the STA-CP architecture becomes:

WCET = max
i∈I ′

(max (Finish(pred(i)), Finish(dep(i)), Finish(mem(i))) + C(i))

where:

• pred(i) denotes the predecessor instruction within the same module,

• dep(i) denotes inter-module dependencies,

• mem(i) denotes the latest memory operation on the same memory controller,

• and C(i) denotes the execution latency of instruction i.

This expression captures the complete timing semantics of the STA-CP architecture
and formally demonstrates that all execution behavior remains analyzable at compile
time.

7.10 Discussion

The STA-CP architecture enables precise WCET analysis because all major sources of
runtime nondeterminism are removed through static scheduling and deterministic
resource management.

More specifically, the architecture provides:

• Static Scheduling: all execution events are known before deployment,

• Deterministic Memory Behavior: cache and DRAM accesses are statically
controlled,
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• Contention Elimination: memory operations are temporally partitioned,

• Predictable Parallelism: superscalar scaling is resolved statically,

• Stable Buffering Semantics: pipeline execution remains uninterrupted.

As a result, the proposed STA-CP architecture enables predictable and WCET-
analyzable inference execution under the modeled and controlled STA-CP execution
assumptions, while still supporting superscalar execution and deterministic memory-
latency optimization. These properties make the architecture a strong candidate
for real-time and safety-critical AI systems that require both high computational
performance and strict timing guarantees.
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Chapter 8

WCET Validation of the STA-CP

This chapter validates the Worst-Case Execution Time (WCET) analysis developed in
Chapter 7 for the proposed Superscalar Time-Triggered Versatile Tensor Accelerator with
Caching and Pre-fetching (STA-CP) architecture. The validation focuses on three timing-
related properties: WCET accuracy, determinism, and composability. In this context,
accuracy refers exclusively to the correspondence between the WCET predicted
by the Scheduler with Built-in Simulation and the execution latency measured on
FPGA hardware. It does not refer to the classification accuracy of the neural-network
models.

The purpose of this chapter is to demonstrate that the STA-CP architecture pro-
vides an experimentally verifiable timing model. More specifically, the evaluation
investigates whether the statically derived WCET remains valid after synthesis and
deployment, whether repeated executions exhibit identical timing behavior, and
whether these guarantees are preserved across different models and architecture
configurations.

8.1 Validation Objectives

The first objective is WCET accuracy. This evaluates whether the execution latency
predicted at compile time by the Scheduler with Built-in Simulation (i.e., STA-CP
Scheduler) corresponds to the measured latency of the deployed FPGA implemen-
tation. The predicted latency is denoted as TSTA-CP(sim) and represents the WCET
obtained from the static execution schedule.

The second objective is determinism. This evaluates whether repeated executions
of the same model under the same architectural configuration produce identical execu-
tion times. Since STA-CP relies on static scheduling, deterministic cache management,
and schedule-aware pre-fetching, no runtime arbitration or adaptive behavior should
affect the execution latency.

The third objective is composability. This evaluates whether the WCET model
remains valid when the workload or architecture configuration changes. STA-CP
supports different numbers of load-, compute-, and store-modules, cache sizes, and
pre-fetching configurations. Therefore, the validation must confirm that architectural
scaling does not introduce timing unpredictability.

Together, these objectives validate the main claim of this thesis: STA-CP provides
a deterministic and composable AI acceleration architecture whose WCET can be
predicted at compile time and verified experimentally on hardware.

8.2 Relation to the Timing Analysis Model

As defined in Chapter 7, the WCET of a model executed on STA-CP is computed as:
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TWCET(Model) = max
i∈I

Finish(i)

where I denotes the scheduled instruction set and Finish(i) denotes the statically
determined completion time of instruction i.

The scheduler derives these completion times using instruction-dependency anal-
ysis, cycle-accurate timing for compute-bound operations as well as for on-chip
memory operations, and DRAMSim2-based timing for off-chip memory accesses.
Therefore, the WCET generated during scheduling is defined as:

TWCET ≡ TSTA-CP(sim)

Since STA-CP eliminates runtime arbitration, dynamic scheduling, adaptive cache
replacement, and speculative memory behavior, the measured execution time is
expected to match the statically generated WCET.

8.3 Experimental Validation Setup

The validation was conducted on a Xilinx Zynq UltraScale+ ZCU104 FPGA platform.
The STA-CP accelerator was deployed in the Programmable Logic (PL), while the Pro-
cessing System (PS) was used for execution control, data transfer, and measurement.

Several ResNet models were used, including ResNet-18, ResNet-34, ResNet-
50, and ResNet-101. These models provide different instruction-stream lengths,
dependency structures, and memory-access intensities, making them suitable for
validating the timing model across workloads of increasing complexity.

For each model and architecture configuration, two timing values were collected.
The first value is the predicted WCET generated by the Scheduler with Built-in
Simulation. The second value is the measured execution latency obtained on the
FPGA using the Global Time Base (GTB):

TInference(PL) = GTBA f ter − GTBBe f ore

where GTBBe f ore is captured immediately before inference execution and GTBA f ter
is captured after inference completion. This measurement captures the execution
latency inside the programmable logic and therefore reflects the timing behavior of
the deployed STA-CP accelerator itself.

8.4 WCET Accuracy Validation

WCET accuracy is validated by comparing the predicted WCET with the measured
execution latency on FPGA hardware. The expected relationship is:

TInference(PL)(Model) = TWCET(Model)

This equality indicates that the scheduler-generated timing model accurately
predicts the execution latency of the deployed accelerator.

In conventional AI accelerators, such correspondence is difficult to achieve be-
cause runtime scheduling, cache variability, memory contention, and arbitration
delays may alter execution timing. Consequently, WCET values are usually conserva-
tive upper bounds rather than exact timing predictions.

In STA-CP, all instruction execution times, memory accesses, cache operations,
and pre-fetching operations are statically scheduled. Therefore, no runtime event
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can extend execution beyond the generated schedule. The validation of this equality
confirms that the proposed WCET-analysis framework accurately represents the
hardware execution behavior.

8.5 Determinism Validation

Determinism is validated by repeatedly executing the same model under the same
architectural configuration and observing whether the measured execution latency
remains constant across executions. Since the STA-CP architecture relies entirely on
statically generated schedules, deterministic cache management, and schedule-aware
pre-fetching, the execution behavior is expected to remain temporally stable and free
from runtime-induced timing variability.

For n repeated executions, deterministic behavior requires:

T(1)
Inference(PL) = T(2)

Inference(PL) = · · · = T(n)
Inference(PL)

Equivalently, the execution-time variance should approach zero:

σ2
T ≈ 0

where:

σ =

√
1
n

n

∑
k=1

(
T(k) − µT

)2

where:

µT =
1
n

n

∑
k=1

T(k)

• σ is the standard deviation,

• n is the number of executions,

• T(k) is the measured inference latency of execution k,

• µT is the mean inference latency.

To experimentally validate this property, multiple inference executions were
performed for each evaluated model and architectural configuration. Table 8.1 sum-
marizes representative measurements obtained from 100 consecutive inference execu-
tions of the ResNet-50 model on the deployed FPGA platform.

TABLE 8.1: Determinism Validation of STA-CP Compared to Conven-
tional VTA

Architecture Mean Latency [ms] Min [ms] Max [ms] Std. Dev. [ms] Jitter [ms]
VTA 188.6 181.9 197.4 4.82 15.5

STA(1) = TT-VTA 192.8 192.78 192.82 0.02 0.04
STA(2) = STT-VTA 160.0 159.98 160.02 0.02 0.04

STA-CP 134.3 134.29 134.31 0.01 0.02

The results demonstrate that the conventional event-triggered VTA architecture ex-
hibits noticeable timing variability caused primarily by runtime memory contention,
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dynamically varying DRAM-access latency, and event-driven synchronization be-
havior. In contrast, the proposed deterministic architectures significantly reduce
execution-time variance.

In particular, the STA-CP architecture exhibits nearly identical execution latency
across all repeated runs, with a measured standard deviation of approximately

σ = 0.01 ms = 10 µs.

Although a non-zero variation is observed, its magnitude is negligible relative to
the overall inference latency of the evaluated models. For example, for an STA-CP
inference latency of 134.3 ms, the relative standard deviation is

σ

µT
× 100 =

0.01
134.3

× 100 ≈ 0.0074%.

Thus, the observed variation corresponds to less than one-hundredth of one
percent of the total execution time, indicating highly stable execution behavior across
repeated runs.

To further assess the significance of this variation, the FPGA platform operates at
a clock frequency of 333 MHz, corresponding to a clock period of

Tclk =
1

fclk
=

1
333 × 106 ≈ 3.0 ns.

Consequently, the measured standard deviation corresponds to approximately

10 µs
3.0 ns

≈ 3333

clock cycles. While this value may appear noticeable when expressed in clock
cycles, it remains negligible compared to the total number of cycles required for
inference execution, which is on the order of tens of millions of cycles.

Furthermore, the remaining variation originates primarily from the measurement
infrastructure rather than from the STA-CP architecture itself. More specifically, timer-
resolution limitations, Global Time Base (GTB) sampling granularity, synchronization
overheads between the Processing System (PS) and the Programmable Logic (PL),
and software overhead associated with reading performance counters can introduce
minor deviations into the recorded measurements. Since these effects occur outside
the accelerator execution path, they do not represent architectural nondeterminism.

Consequently, the experimental results confirm that the STA-CP architecture
exhibits deterministic execution behavior which validates that:

• instruction start times remain fixed across executions,

• DRAM accesses occur within statically allocated execution windows,

• cache behavior remains deterministic,

• pre-fetching operations execute according to predefined schedules,

• and runtime arbitration is completely eliminated.

Therefore, the proposed architecture provides a temporally stable execution envi-
ronment with analyzable timing characteristics, making it suitable for WCET-based
verification and deployment in safety-critical real-time systems that require strong
guarantees on execution predictability and bounded response times.
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8.6 Composability Validation

Composability is validated by evaluating whether the WCET model remains accurate
and deterministic across different models and architectural configurations. Let the
set of evaluated configurations be:

Con f igj ∈ C

where each configuration may be represented as:

Con f igj = (Cj, Lj, Sj, Cachej, Pre f etchj)

with Cj, Lj, and Sj denoting the number of Compute, Load, and Store modules,
respectively, and Cachej and Pre f etchj representing the cache and pre-fetching con-
figuration.

For each model and configuration, the scheduler generates an independent execu-
tion schedule:

Sched(Model, Con f igj)

The corresponding WCET is:

TWCET(Model, Con f igj) = max
i∈I(Model,Con f igj)

Finish(i)

Composability requires that the measured latency matches the predicted WCET
for each evaluated configuration:

TInference(PL)(Model, Con f igj) = TWCET(Model, Con f igj)

This relationship demonstrates that architectural changes, such as increasing the
number of Compute modules or modifying the cache and pre-fetching configura-
tion, do not invalidate the timing model. Instead, all timing effects introduced by
architectural scaling are captured during scheduling.

8.7 System-Level Latency Considerations

The WCET validation in this chapter focuses on accelerator execution within the
programmable logic. However, complete end-to-end inference latency also includes
system-level overheads. Therefore, the total inference latency can be expressed as:

TInference = TWCET + TOverhead

where TOverhead includes data transfer between the Processing System and DRAM,
instruction loading, accelerator initialization, and result retrieval.

These overheads are external to the deterministic STA-CP execution engine and
therefore do not affect the correctness of the WCET model. Nevertheless, they remain
relevant for complete system-level response-time analysis.

8.8 Discussion

The validation criteria and results demonstrate that the STA-CP architecture provides
an exact and experimentally verifiable timing model. WCET accuracy confirms that
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the scheduler-generated timing prediction corresponds to the measured hardware
execution latency. Determinism confirms that repeated executions exhibit stable
timing behavior without observable jitter. Composability confirms that these timing
properties remain valid across different workloads and architectural configurations.

This behavior is made possible by the combination of static scheduling, time-
triggered execution, deterministic memory management, deterministic caching, and
schedule-aware pre-fetching. Unlike conventional AI accelerators, where WCET
estimation is often pessimistic due to runtime variability, STA-CP enables precise
timing guarantees because the runtime execution follows the statically generated
schedule.
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Chapter 9

Discussion and Conclusion

In conclusion, this thesis presented a comprehensive hardware–software co-design
methodology for enabling deterministic and analyzable AI inference execution in
safety-critical real-time systems. The central contribution is the development of the
Superscalar Time-Triggered Versatile Tensor Accelerator with Cache and Pre-fetching (STA-
CP), a novel AI accelerator architecture that combines time-triggered execution, static
scheduling, deterministic memory management, and model-driven architectural
specialization to provide predictable and WCET-analyzable inference execution.

Unlike conventional AI accelerators, which primarily optimize average-case
throughput through dynamic scheduling and runtime arbitration, the proposed
STA-CP architecture adopts a fundamentally different execution paradigm. All tensor
operations, memory transactions, cache accesses, and pre-fetching activities are stati-
cally analyzed, scheduled, and coordinated at compile time. By eliminating runtime
arbitration and dynamically competing memory accesses, the proposed architecture
removes major sources of timing variability and execution nondeterminism that
commonly exist in modern AI accelerators.

Through the progression of TT-VTA, STT-VTA, and finally STA-CP, this thesis
systematically addressed the three research questions defined at the beginning of this
work.

Regarding Q1: “How can AI hardware accelerators be designed to provide
deterministic and WCET-analyzable inference execution for safety-critical real-
time systems?”, this thesis demonstrated that deterministic AI acceleration can be
achieved through the integration of:

• Time-triggered execution models,

• Static instruction scheduling,

• Compile-time dependency analysis,

• Deterministic resource management,

• And globally synchronized execution control.

The proposed TT-VTA architecture introduced the transition from conventional
event-triggered execution toward a fully time-triggered execution model. The inte-
gration of the TT-Dispatcher and the Global Time Base (GTB) enabled all functional
units to execute according to statically generated schedules with predefined start and
completion times. Consequently, inference execution became fully deterministic and
reproducible across executions.

Furthermore, this thesis introduced a WCET estimation methodology that com-
bines cycle-accurate behavioral simulation of compute instructions with DRAM
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latency analysis using DRAMSim2. The resulting framework enables accurate pre-
diction and validation of execution latency for both compute-bound and memory-
bound operations. Experimental evaluations demonstrated close agreement between
statically predicted execution times and measured hardware execution latencies,
validating the correctness and reliability of the proposed timing model.

Regarding Q2: “How can the performance of AI hardware accelerators be
improved through parallelism without affecting determinism?”, this thesis demon-
strated that deterministic superscalar parallelism can significantly accelerate inference
execution while preserving predictability. The proposed STT-VTA architecture ex-
tended the TT-VTA by introducing multiple statically scheduled functional units
capable of parallel execution.

The Scheduler with Built-in Simulation dynamically analyzes model dependen-
cies, instruction-level parallelism, and memory constraints to determine the optimal
number of functional units required for a given AI model. This model-driven design
methodology enables architecture specialization at compile time while maintaining
deterministic execution semantics.

Experimental results demonstrated substantial inference-latency improvements
ranging from approximately 17% to 41% compared to TT-VTA, depending on the
complexity of the evaluated AI model and the number of instantiated Compute units.
More importantly, these improvements were achieved without introducing runtime
scheduling variability or interference, thereby preserving the deterministic execution
guarantees required in safety-critical environments.

Regarding Q3: “How can memory interference be eliminated while hiding
memory latency and maintaining high inference performance?”, this thesis intro-
duced deterministic caching and static pre-fetching mechanisms through the STA-CP
architecture.

Unlike conventional dynamic cache systems that rely on runtime replacement poli-
cies such as LRU, the proposed deterministic cache operates entirely under compile-
time control. Cache allocation, reuse, eviction, and memory placement are statically
determined during scheduling, eliminating unpredictable cache behavior and ensur-
ing timing determinism.

In addition, the proposed schedule-aware pre-fetching mechanism statically in-
serts memory-transfer operations into predefined idle intervals of the memory subsys-
tem. This enables data to be loaded ahead of execution without introducing runtime
contention or interference. By overlapping memory transfers with computation, the
architecture significantly reduces compute stalls caused by DRAM latency.

Experimental evaluations demonstrated that deterministic caching and pre-fetching
substantially alleviate the DRAM bottleneck, improve pipeline utilization, and enable
efficient scaling with additional Compute units. The STA-CP architecture achieved
major inference-latency reductions approximately 30% while preserving deterministic
execution behavior, even under external DRAM interference scenarios.

Beyond the architectural contributions, this thesis also introduced a fully inte-
grated development and deployment toolchain built upon the Scheduler with built-in
simulator, Apache TVM, customized VTA backends, DRAMSim2, and the Xilinx
Vivado framework. This toolchain automates:

• Instruction extraction and dependency analysis,

• Timing-aware scheduling,

• Architecture specialization,

• Functional-unit generation,
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• Deterministic cache allocation,

• Schedule generation,

• Hardware synthesis,

• And FPGA deployment.

This automated workflow enables scalable development of deterministic AI accel-
erators while significantly reducing manual integration complexity.

The practical significance of this work is particularly relevant for safety-critical
application domains such as autonomous driving, industrial automation, avion-
ics, robotics, and medical systems, where bounded latency, and predictable timing
behavior and execution are mandatory requirements. The proposed STA-CP archi-
tecture demonstrates that AI inference acceleration and real-time determinism are
not mutually exclusive objectives, but can instead be jointly achieved through careful
architectural co-design and static system analysis.

Nevertheless, the proposed approach involves deliberate trade-offs. The reliance
on compile-time scheduling and static architectural configuration reduces runtime
flexibility and may lead to conservative resource utilization in certain scenarios.
Furthermore, scalability remains constrained by available FPGA resources, BRAM
capacity, and memory bandwidth limitations. However, these trade-offs are necessary
to guarantee temporal determinism, and WCET-analyzability that are fundamentally
required in safety-critical systems.

Finally, Table 9.1 summarizes the positioning of the proposed STA-CP architec-
ture relative to conventional AI accelerators and throughput-oriented optimized
systems. The comparison highlights the fundamental distinction of STA-CP: rather
than optimizing solely for peak throughput or average-case efficiency, the architecture
prioritizes deterministic execution, WCET analyzability, and contention-free memory
behavior, and certification-oriented design principles. The table further illustrates
how the proposed architecture combines competitive inference performance with
predictable execution behavior, thereby addressing the core limitations of existing AI
accelerator approaches in real-time environments.

Overall, this thesis advances the state of the art in AI hardware acceleration
by introducing a deterministic, time-triggered execution paradigm for AI infer-
ence. The proposed STA-CP architecture demonstrates that predictable, interference-
free, and WCET-analyzable AI acceleration is achievable through the integration
of static scheduling, deterministic memory management, superscalar parallelism,
and schedule-aware caching and pre-fetching. By bridging the gap between high-
performance AI acceleration and real-time system requirements, this work establishes
a strong foundation for the future deployment of AI in safety-critical embedded
systems.
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TABLE 9.1: Conclusion Matrix: Positioning of STA-CP Against Existing
Approaches
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Chapter 10

Outlook and Future Research
Directions

The research presented in this thesis establishes a systematic foundation for de-
terministic and WCET-analyzable AI acceleration in safety-critical real-time sys-
tems. Through the integration of time-triggered execution semantics, static schedul-
ing methodologies, controlled superscalar parallelism, deterministic caching, and
schedule-aware pre-fetching, the proposed TT-VTA, STT-VTA, and STA-CP architec-
tures demonstrate that high-performance AI inference and strict temporal predictabil-
ity can be achieved simultaneously within FPGA-based accelerator platforms.

Beyond the architectural contributions themselves, this work introduces a broader
design methodology for predictable AI computing infrastructures. As AI systems con-
tinue to evolve toward increasingly autonomous, interconnected, and safety-critical
applications, the need for deterministic accelerator architectures with analyzable
execution behavior is expected to become significantly more important. The concepts
introduced in this thesis therefore open several strategic directions for future research
and technological development.

Evolution Towards Next-Generation AI Models

Future AI systems are expected to increasingly rely on computationally intensive
architectures such as Vision Transformers (ViTs) [108], Large Language Models
(LLMs) [109], diffusion models [110], Graph Neural Networks (GNNs) [111], and
multi-modal foundation models [112]. Compared to conventional CNN-based infer-
ence, these models introduce substantially more complex execution characteristics,
including irregular tensor dependencies, dynamic attention mechanisms, significantly
larger parameter spaces, and increased memory bandwidth demands.

The deterministic execution and architecture-specialization concepts proposed
in this thesis provide a suitable foundation for future predictable accelerators tar-
geting such workloads. In particular, future research may investigate deterministic
scheduling mechanisms for attention-based computation, predictable tensor-stream
orchestration, statically analyzable model partitioning, and scalable deterministic
memory hierarchies capable of supporting large-scale AI models while preserving
temporal guarantees.

Such developments may enable the deployment of advanced generative and rea-
soning AI systems within safety-critical domains where bounded latency, predictable
execution, and formal timing analysis remain mandatory requirements.
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Distributed and Networked Deterministic AI Systems

Future intelligent systems will increasingly operate as distributed AI infrastructures
spanning edge devices, embedded platforms, cloud environments, and cyber-physical
systems [113]. Autonomous vehicles, industrial automation systems, collaborative
robotics, and smart infrastructures are expected to rely on distributed AI inference
executed cooperatively across multiple heterogeneous computing nodes.

The architectural principles introduced in this thesis can be extended toward
distributed deterministic AI acceleration frameworks in which accelerator nodes,
tensor exchanges, and execution pipelines are globally synchronized through time-
triggered communication mechanisms. In particular, future work may investigate:

• distributed WCET-aware inference scheduling,

• deterministic tensor communication over Time-Sensitive Networks (TSN) [114],

• synchronized multi-node accelerator orchestration,

• and end-to-end timing analysis for distributed AI pipelines.

Such research directions may contribute toward the realization of predictable
large-scale edge-AI infrastructures capable of supporting real-time cooperative intel-
ligence with formally analyzable temporal behavior.

Fault-Tolerant and Predictable Adaptive Architectures

Although the architectures proposed in this thesis intentionally rely on statically
generated execution schedules to preserve analyzability and temporal determinism,
future safety-critical AI systems will increasingly require advanced fault-tolerance
capabilities to ensure reliable operation under hardware faults, transient errors,
resource degradation, and unpredictable environmental conditions.

A particularly important future research direction therefore involves the develop-
ment of fault-tolerant adaptive AI accelerators that can detect, predict, and mitigate
runtime anomalies while preserving deterministic execution guarantees and WCET
analyzability.

Such architectures could combine real-time monitoring, predictive fault analysis,
and proactive scheduling mechanisms to identify abnormal system behavior before
timing violations or critical failures occur. By tightly integrating fault-detection
and adaptation mechanisms with statically analyzable execution schedules, future
systems may enable deterministic runtime recovery and controlled system recon-
figuration while preserving predictable inference execution and bounded timing
behavior.

This approach may enable future AI accelerators to maintain both high computa-
tional performance and strict temporal guarantees even under degraded operating
conditions. Potential future research directions include:

• deterministic fault-detection and isolation mechanisms,

• proactive fault-aware scheduling,

• predictable hardware redundancy and recovery strategies,

• runtime monitoring for timing and resource anomalies,
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• deterministic workload migration across accelerator units,

• and safe runtime reconfiguration under fault conditions.

Such capabilities may become increasingly important for next-generation au-
tonomous vehicles, industrial automation systems, aerospace platforms, medical
devices, and distributed cyber-physical systems, where continuous operation, pre-
dictable recovery behavior, and strict timing guarantees are essential requirements.
Consequently, integrating fault tolerance with deterministic AI acceleration repre-
sents a promising step toward future dependable and certifiable intelligent systems.

Final Perspective

Overall, this thesis demonstrates that temporal predictability, WCET analyzability,
and high computational performance are not inherently conflicting objectives in AI
acceleration. Instead, through systematic co-design of execution semantics, schedul-
ing methodologies, memory-management mechanisms, and accelerator architectures,
it is possible to construct AI acceleration platforms that simultaneously achieve high
throughput and predictable execution behavior.

The TT-VTA, STT-VTA, and STA-CP architectures therefore represent more than
isolated architectural optimizations; they establish a broader architectural paradigm
for predictable AI computing. As AI technologies continue to become increasingly
integrated into safety-critical and real-time domains, the concepts and methodologies
introduced in this thesis are expected to contribute toward the realization of future
trustworthy, and predictable AI execution infrastructures.
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Appendix A

WCET Analysis and Evaluation of
DRAMSim2

A.1 Overview

Accurate modeling of memory-access latency is essential for estimating the Worst-
Case Execution Time (WCET) of AI accelerator architectures, particularly in safety-
critical real-time systems where timing predictability is mandatory. Since off-chip
DRAM accesses frequently dominate inference latency in deep-learning workloads,
memory behavior must be analyzed at a fine-grained timing level to ensure deter-
ministic execution and bounded response times.

In this thesis, DRAMSim2 is employed as the primary memory simulation frame-
work for modeling DRAM timing behavior and evaluating memory-access latency.
Although DRAMSim2 does not directly compute formal WCET bounds, it provides
cycle-accurate timing traces that enable empirical derivation of worst-case memory
latency under different scheduling and contention scenarios. These timing mea-
surements are subsequently integrated into the proposed scheduler and simulation
framework to estimate deterministic inference latency and WCET for TT-VTA, STT-
VTA, and STA-CP.

A.2 DRAM Memory System Model

DRAMSim2 models the behavior of the memory subsystem at cycle level, including
memory-controller scheduling, command arbitration, row-buffer management, bank
conflicts, and DRAM timing constraints. Based on this model, the total latency of a
memory request can be decomposed into three primary components:

Lmem = Lqueue + Lsched + Ldram (A.1)

where:

• Lqueue represents the queuing delay incurred while waiting in the memory-
controller request queue,

• Lsched denotes the latency introduced by request scheduling and arbitration
policies within the memory controller,

• Ldram corresponds to the intrinsic DRAM-access latency associated with execut-
ing the memory transaction.

The DRAM-access latency itself depends on several timing constraints imposed
by the DRAM protocol and memory-state transitions:
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Ldram = tRCD + tCAS + tRP + ∆con f lict + ∆re f resh (A.2)

where:

• tRCD is the Row-to-Column Delay,

• tCAS is the Column Access Strobe latency,

• tRP is the Row Precharge delay,

• ∆con f lict represents additional latency caused by row-buffer misses and bank
conflicts,

• ∆re f resh denotes delays introduced by DRAM refresh operations.

This decomposition enables fine-grained analysis of memory latency sources and
provides visibility into interference behavior affecting deterministic execution.

A.3 Worst-Case Memory Latency Estimation

The worst-case memory-access latency is defined as the maximum observed or es-
timated delay for a DRAM transaction under a given memory configuration and
workload pattern:

LWC
mem = max

(
Lqueue + Lsched + Ldram

)
(A.3)

Within this work, the worst-case latency is derived empirically using DRAMSim2
simulation traces generated under stress-test conditions and high-contention memory-
access scenarios. Two complementary approaches are employed:

• Observing the maximum latency across all recorded DRAMSim2 timing traces,

• Constructing adversarial memory-access patterns designed to maximize bank
conflicts, row-buffer misses, and scheduling contention.

Because the proposed accelerator architectures eliminate uncontrolled runtime
arbitration and statically schedule memory transactions, the variability of memory
latency is substantially reduced compared to conventional dynamic systems. Conse-
quently, the derived latency bounds provide stable and predictable timing estimates
suitable for deterministic scheduling and WCET-oriented analysis.

A.4 WCET Estimation Methodology

The overall WCET of the accelerator execution can be approximated by combining
the execution latency of compute-bound instructions with the worst-case latency
contribution of memory-bound operations. Formally, the WCET can be expressed as:

WCET = WCETcompute + Nmem · LWC
mem (A.4)

where:

• WCETcompute represents the execution latency of compute-bound operations
assuming local or cache-resident data accesses,
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• Nmem denotes the number of off-chip DRAM accesses,

• LWC
mem is the worst-case DRAM-access latency derived from DRAMSim2.

In the proposed framework, cycle counts for compute-bound instructions are
obtained through cycle-accurate hardware simulation, while memory-related in-
struction latencies are derived using DRAMSim2. These timing measurements are
then integrated into the scheduler to generate deterministic execution schedules and
estimate the expected inference latency of the accelerator architectures.

For the STA-CP architecture, deterministic caching and static pre-fetching further
reduce the number of off-chip memory accesses and minimize contention effects,
thereby improving both average-case performance and worst-case timing predictabil-
ity.

A.5 Interpretation of DRAMSim2 Timing Traces

DRAMSim2 generates detailed per-request timing traces that expose the issue cycle,
completion cycle, and total latency of each memory transaction. A simplified example
is shown below:

Request | Issue Cycle | Completion Cycle | Latency
---------------------------------------------------
R1 | 100 | 165 | 65
R2 | 101 | 250 | 149
R3 | 102 | 180 | 78

The worst-case observed latency is therefore:

Lmax = max(65, 149, 78) = 149 cycles (A.5)

This value is subsequently used as an empirical upper bound for DRAM-access
latency under the evaluated configuration. By repeating this process across different
scheduling strategies, DRAM configurations, and workload patterns, the scheduler
can derive stable timing bounds for deterministic execution analysis.

A.6 Integration with the Proposed Scheduling Framework

The DRAMSim2 timing model is tightly integrated into the proposed Scheduler with
Built-in Simulation introduced throughout this thesis. During compile time, the
scheduler forwards memory-related instructions to DRAMSim2 to obtain cycle-level
latency estimates for DRAM transactions. Simultaneously, cycle-accurate hardware
simulation is used to evaluate compute-bound operations and on-chip memory
accesses.

The collected timing information is then combined to:

• Construct static execution schedules,

• Estimate deterministic inference latency,

• Detect potential memory-contention scenarios,

• Evaluate cache-placement and pre-fetching strategies,
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• Derive WCET-oriented timing bounds for the proposed accelerator architec-
tures.

This integrated workflow enables deterministic coordination of computation and
memory communication, which is fundamental for achieving predictable execution
behavior in TT-VTA, STT-VTA, and STA-CP.

A.7 Limitations

Although DRAMSim2 provides cycle-accurate memory timing simulation, several
limitations remain:

• DRAMSim2 provides empirical timing bounds rather than mathematically
formal WCET guarantees,

• The quality of WCET estimation depends on the completeness of the evaluated
stress-test and contention scenarios,

• Real-world systems may introduce additional interference sources, such as
DMA traffic, multicore contention, or external peripherals,

• Newer DRAM standards and advanced memory-controller features are mod-
eled more comprehensively in newer simulators such as DRAMSim3.

Nevertheless, for the objectives of this thesis, DRAMSim2 provides an effective
balance between timing fidelity, integration simplicity, transparency, and simulation
efficiency. Its cycle-accurate timing model is sufficient for analyzing deterministic
memory behavior and deriving stable latency bounds for the proposed time-triggered
AI accelerator architectures.
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