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Abstract

The limited flexibility of domain-specific accelerators renders them inefficient for the

important class of streaming applications, such as in security and database analytics,

whose optimal resource provisioning is workload dependent. Because provisioning

hardware for the worst-case can be prohibitively expensive, these applications are of-

ten relegated to software execution. Field-Programmable Gate Arrays (FPGAs) are

uniquely positioned to accelerate such input-dependent streaming applications, com-

bining inherent programmability with hardware-class performance and efficiency.

However, their adoption for customized accelerator deployments is hampered by the

slow and rigid hardware-centric toolchains. At design time, RTL-based implemen-

tations offer limited customizability, while High-Level Synthesis (HLS) frameworks

struggle to generate efficient solutions for input-dependent dataflows. Furthermore,

at deployment time, design-space exploration (DSE) approaches rely on detailed

simulations, infeasible for complex, real-world designs and workloads. Accelerating

input-dependent streaming pipelines on FPGAs requires configurable implementa-

tions that expose a broad, performant design space, coupled with high-level perfor-

mance abstractions to rapidly generate workload-specialized instantiations.

To address the design challenge, the first part of this dissertation identi-

fies common input-dependent design patterns and presents a systematic method-

ology for representing them via the streaming paradigm in statically scheduled

HLS. We showcase this methodology in the development of highly parameteriz-
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able HLS design templates for two primary application case studies. We introduce

RapidScan, an HLS-based string matching library designed to enhance the cus-

tomizability and portability of an existing RTL-based network intrusion detection

accelerator. To demonstrate its cross-domain applicability, we use RapidScan to

deploy RapidDetect, a 200 Gbps streaming log monitoring accelerator on a single

FPGA-enabled server, achieving a 4x cost reduction compared to software-based so-

lutions. We further explore the limitations in describing input-dependence in HLS

by investigating packet routing within a database aggregation accelerator, com-

pared against ReConnect, a novel RTL-native Network-on-Chip (NoC) generator.

ReConnect harnesses the regularity in NoC structures to unlock a vast design space

directly in RTL while reducing resource consumption by over 35% and seamlessly

integrating with existing HLS workflows.

Leveraging the structure imparted by the streaming paradigm to input-

dependent pipelines in HLS, in the second part of the thesis, we present RapidQ,

a queuing-inspired performance modeling workflow for rapid workload-driven

design-space exploration (DSE) at deployment time. RapidQ distills a workload’s

input-dependent behavior into a workload model, capable of predicting performance

across various design parameters, using a single functional simulation. RapidQ’s

lightweight queueing simulator exercises this workload model to achieve a 7x

speedup over state-of-the-art approaches and is over 100x faster than RTL simula-

tion, without significant accuracy loss. Driven by this fast performance estimation,

we designed an automated DSE flow that co-tunes module throughputs and buffer

sizes, achieving up to 42% resource savings for real-world workloads.

By pairing HLS-powered, highly parameterized design templates with rapid

queueing-based performance estimation, this thesis provides a scalable approach

to designing and tuning input-dependent streaming pipelines, enabling hardware

acceleration with customized deployments on FPGAs.
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Chapter 1

Introduction

1.1 What is Input-Dependence?

Consider a string matching application that must match a stream of input data

packets (e.g., news blurbs) against a set of string-based rules (e.g., keywords) as

shown in Figure 1.1a. A naive approach to implementing this application might

check for all strings in the ruleset against every input. We can immediately see that

this approach is very wasteful if, most of the time, inputs do not match any of the

rules. Taking note of the fact that even if one string in a rule does not match, the

input will not match the entire rule, a smarter implementation first filters using

only one string per rule, as shown in Figure 1.1c. This common-case optimization

strategy can produce a much more resource- and cost-effective solution by saving

full string matching only for the subset of inputs that match a “fast pattern” and

against the subset of rules the “fast patterns” belong to. This input-dependence

is found in many applications, including network intrusion detection systems [4–

7], log monitoring [8], database analytics [9, 10], and machine learning [11, 12],

with software implementations often making use of common-case optimization to
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Figure 1.1: Common-case optimization is essential for efficient handling of Input-
Dependent Streaming Applications.

significantly reduce computational complexity. However, this same pattern poses a

significant challenge to hardware acceleration.

1.2 Common-Case Optimized Hardware Acceleration

Application-Specific Integrated Circuits (ASICs) or Domain-Specific Accelerators

(DSAs) have seen widespread adoption to provide hardware acceleration critical

to sustaining generational growth in performance as general-purpose architectures

plateau [13, 14]. By trading-off general-purpose flexibility for specificity to a single

class of applications, these accelerators can deliver performant and energy-efficient
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solutions for a broad range of applications such as LLM training/inference [15, 16],

video transcoding [17], and cryptography [18, 19]. Moreover, research in new pack-

aging technologies and high-level development tools (e.g., High-Level Synthesis), has

significantly offset the design and fabrication cost of ASICs, garnering interest from

more domains, such as High-Performance Computing [14].

Hardware acceleration also provides an outsized benefit to streaming data-

on-the-move applications. Custom architectures optimized for the streaming data

access pattern deliver orders-of-magnitude efficiency gains by eschewing the over-

head from complex control and communication structures, and memory hierarchies

of general-purpose processors [20–25].

1.2.1 Changing Common-Case

Despite the proliferation of hardware acceleration and the criticality of input-

dependent streaming applications in domains such as security [7, 8, 26], these

applications are still largely executed on software systems [5, 27]. The funda-

mental limitation arises from the incompatibility between the dynamic nature of

common-case optimization and the rigidity of ASICs and DSAs.

Continuing with the example in Section 1.1, a string matching system tuned

for a specific common-case will lose efficiency as the common-case shifts. For in-

stance, a sudden surge in a news topic’s (rule’s) popularity will cause an increase

in traffic to the Conjunct Pattern Matcher which it might be under-provisioned to

handle, dropping end-to-end throughput. Moving to a new domain like network

security can introduce entirely new performance targets (e.g., 100 Gbps vs. 200

Gbps network rates) and functional requirements for common-case optimization

(e.g., packet-header-based filtering). To maintain reduced computational complex-
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ity and keep overall application costs low, the system’s common-case provisioning

must be updated to reflect these shifts.

While software is programmable by nature, due to their lack of flexibility,

DSAs for input-dependent applications must either (a) commit to a common-case

provisioning (e.g., input throughput to the Conjunct Pattern Matcher) at design

time making the accelerator brittle to changing common-cases or (b) fallback to

the naive implementation of assuming the worst-case which might be prohibitively

expensive (e.g. matching against full regular-expressions [28, 29]). Can Field-

Programmable Gate Arrays (FPGAs) offer an alternative?

1.2.2 Harnessing the Programmability of FPGAs

FPGAs are uniquely positioned in the spectrum from ASICs to general-purpose ar-

chitectures, delivering a middle-ground in terms of both efficiency and flexibility [30].

By emulating digital circuits, FPGAs execute custom hardware designs with efficien-

cies within an order-of-magnitude of equivalent ASIC implementations [31, 32]. But

unlike ASICs, owing to their reconfigurability, FPGAs are programmable. Design-

ers have leveraged this programmability, even for regular input-independent com-

putations, to close the efficiency gap with ASICs by building adaptable accelerator

generators [33–35], as opposed to one-shot implementations, enabling end-users to

deploy instantiations tailored to their needs.

FPGAs’ programmability serves an even more critical need for input-

dependent applications which have no other alternative for hardware implemen-

tations. FPGA-based accelerators can freely utilize common-case optimization

techniques, switching to a different customized instantiation for a new common-

case, without being locked into the worst-case. Leveraging programmability coupled
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with hardware-class efficiency, input-dependent applications can finally reap the

benefits of hardware acceleration through FPGAs.

1.3 Research Challenges and Goals

The central goal of this thesis is to enable the acceleration of common-case optimized

input-dependent streaming applications on FPGAs. While FPGAs possess the the-

oretical flexibility, this potential to support customized instantiations is wasted if

these instantiations cannot be generated systematically for different common-case

scenarios.

Software systems are inherently scalable and runtime adaptable. By tailoring

common-case optimization to runtime conditions using parallel implementations,

real-time performance monitoring, and autoscaling [36–39], software systems can

even offset the limited efficiency gains provided by inflexible hardware acceleration.

However, FPGAs have traditionally relied on the same hardware frameworks, includ-

ing programming languages and design-space exploration (DSE) approaches, used

by domain-specific accelerators. Their high engineering costs and long design cycles

place an undue emphasis on squeezing performance out of a single implementation.

Consequently, hardware-oriented programming languages target fine-grained control

over the generated hardware [40–42] and DSE approaches use high-fidelity perfor-

mance simulations [43], at the expense of configurability and rapid exploration, the

key enablers of customized deployments.

Effectively utilizing the programmability of FPGAs hinges on enhancing

FPGA workflows with software-like agility in (1) generating varied instances across

the performance-cost tradeoff space and (2) finding the right instance for a given

use-case. In the remainder of this section, we identify the key challenges in building
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configurable designs and design-space exploration for input-dependent streaming

applications on FPGAs.

1.3.1 Building Parameterizable Design Templates using HLS

To address the lack of configurability of RTL representations in traditional hardware-

description languages (HDLs), higher-level FPGA design frameworks such as High-

Level Synthesis (HLS) [44–46] have played a critical role in improving the acces-

sibility of configurable hardware design [47, 48]. HLS allows hardware to be ex-

pressed in a high-level language such as C++, using most of the language features

for compile-time expressibility such as object-oriented features and template meta-

programming, essential to designing parameterizable hardware designs. Further-

more, by automating the mechanical implementation details of low-level control

logic such as pipelining, and providing fast functional simulation capabilities, HLS

delivers a major productivity boost to hardware designers in developing readable

and reusable implementations [49].

However, this productivity gain from HLS breaks down in the face of

input-dependent patterns, especially within commercial tools [45, 50]. While input-

dependent applications should be optimized for common-case behavior, they must

still maintain functional correctness for the uncommon-case that can be triggered in

a real-world deployment. For instance, in the string matching application discussed

in Section 1.1, the Fast Pattern Matcher typically outputs one rule hit per packet

to the Conjunct Pattern Matcher. Yet, the system must also process the occasional

packet that generates multiple hits without degrading common-case throughput.

Unfortunately, the static scheduling relied upon by commercial HLS tools precludes

this type of dynamic, data-dependent execution, producing inefficient hardware
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provisioned for the worst-case, undermining the fundamental flexibility that FPGAs

provide.

HLS tools have tried to supplement the underlying schedulers’ capabilities

with data-dependent hardware-friendly design paradigms such as dataflow [51] and

stream optimizations [52]. In this dissertation, we show that without a structured

framework to reason about and represent input-dependent patterns, HLS implemen-

tations can regress into being more mangled and less efficient than the HDLs they

were meant to replace. Hence, the first research goal of this thesis is to study the

ability of HLS to represent input-dependent design patterns and to provide guidelines

for when and how to fall back to traditional HDLs without losing configurability.

Towards this goal, we first identify and provide a hierarchy of design patterns

that provide structure to designing and reasoning about input-dependence. Based

on these input-dependent design patterns, we develop RapidScan, an HLS-based

string matching library, derived from an existing FPGA-accelerated implementa-

tion for network intrusion detection. Leveraging the stream processing paradigm in

HLS, RapidScan isolates the core string matching filters from the infrastructure

kernels that encapsulate input-dependence. We further study the implementation

of the most resource-intensive infrastructure kernel, comparing a stream-based de-

composition against a monolithic single kernel implementation and an optimized

RTL implementation. The resource consumption of the stream processing-based

implementation is within 10% of the RTL implementation, while being more read-

able and easily configurable, and is 2x cheaper than the monolithic implementation.

Lastly, the parameterizability of RapidScan allows us to deploy a novel 200 Gbps

FPGA-accelerated log monitoring system RapidDetect, supported by the rapid

development of new HLS kernels essential to handling formatted log traffic and log

7



monitoring rulesets.

To understand the limits of representing input-dependent design patterns

in HLS, we evaluate packet routing, the most complex of these patterns, within a

database aggregation accelerator using ReConnect, a novel RTL-native Network-

on-Chip (NoC) generator. Packet routing is a highly structural paradigm with

data-dependence at its core. While prior work [53] has demonstrated that NoCs

can be represented in HLS by strictly mimicking hardware structures, this approach

incurs a severe penalty in developer productivity. To establish an iso-effort com-

parison for database aggregation, we evaluate ReConnect against a custom HLS

butterfly topology implemented via stream-based decomposition. Our evaluation

demonstrates that ReConnect consumes 35% fewer resources than the equivalent

HLS design at iso-throughput. Furthermore, ReConnect provides highly efficient

alternative design points with its default Input-Queued configuration achieving a 3x

reduction in resource consumption in exchange for a 26% reduction in saturation

throughput.

1.3.2 Performance Estimation for Design-Space Exploration

Even with highly parameterizable designs like RapidScan and ReConnect avail-

able, deploying them efficiently requires navigating a massive workload-dependent

performance-cost design space to find the optimal instance for input-dependent ap-

plications. Whether the objective is to maximize performance given a fixed cost

budget, meet a performance target while minimizing cost, or a combination of the

two, iterative DSE must have the ability to evaluate candidate configurations against

their performance and cost estimates. While software can scale across cores and pro-

cessors from a single binary, hardware designs including FPGA bitstreams need to
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be recompiled to instantiate a different tradeoff point. A vast design space makes

maintaining a library of all possible design instances infeasible, and the lengthy

hardware compile times preclude the use of repeated runtime testing common in

software autoscaling [37, 39].

Therefore, deployment-time (or compile-time) tuning relies on performance

estimation to guide design-space exploration (DSE) toward optimal configurations

[54]. While HLS-based DSE tools for input-independent designs successfully utilize

static, model-based techniques to capture performance-resource tradeoffs [55–59],

these static analyses fail for input-dependent dataflows. Real-world workload be-

havior is highly dynamic and cannot be readily summarized as parameters in an

analytical model. For example, the string matching application from Section 1.1 pro-

cessing a news stream may experience bursts in traffic when a specific rule surges in

popularity due to real-world events. Capturing the full performance impact of such

complex, time-varying behaviors on streaming pipelines necessitates simulation.

Traditionally, designers rely on RTL simulation for workload-driven perfor-

mance estimation. While this provides cycle-accurate data, its detailed, event-driven

nature results in impractically slow execution; simulating millions of real-world news

blurbs through RTL is fundamentally unscalable. Designs implemented using HLS

can leverage software simulation to faithfully verify functionality at high speeds, but

lack of timing or clock-cycle awareness makes this approach incapable of account-

ing for performance bottlenecks or backpressure during FPGA execution. Previous

attempts to bridge this gap for input-dependent DSE have fallen short. Runtime ex-

ecution via incremental compilation [60] offers high accuracy, but does not improve

enough on baseline hardware compilation times. Similarly, tools based on schedule-

augmented software simulations [2, 61] remain bottlenecked by the repeated exe-
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cution of detailed functionality. While these methods are acceptable during initial

accelerator design and debugging, they lack the higher-level abstraction required to

scale effectively to large real-world designs with traces that span tens of millions of

cycles (e.g., intrusion detection workloads in [6]). To address this gap, the second

research goal of the thesis is to develop lightweight and scalable performance sim-

ulation techniques that support rapid deployment-time design-space exploration of

real-world designs and workloads.

In this dissertation, we present RapidQ, a systematic approach to modeling

and tuning HLS-based implementations of input-dependent streaming pipelines at

deployment time for FPGAs. Leveraging the design patterns developed in the first

part of this thesis, RapidQ abstracts core compute kernels into their static sched-

ules, modeling workload-driven dynamic performance through a queueing system

of the kernel modules interconnected by stream buffers [62]. By cleanly decou-

pling functionality from timing, this approach allows a single functional trace to be

reused across multiple design-space exploration (DSE) iterations to evaluate different

module throughputs and buffer sizes. To obtain end-to-end performance estimates,

RapidQ employs a SystemC-based queueing simulator that translates the interac-

tion between the functional trace and HLS-extracted timing models into queueing

behavior across the streaming graph. Operating exclusively at the queue-server

granularity allows this simulation process to bypass detailed application functional-

ity, achieving a 7x speedup over state-of-the-art HLS simulators [2, 3] and a 100x

speedup compared to RTL simulation, significantly reducing DSE turnaround time.

Lastly, to showcase the effectiveness of RapidQ’s performance modeling, we

developed an automated tuning flow to identify resource-efficient configurations for

input-dependent streaming pipelines that meet specific throughput targets for a
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given input workload. The agility of RapidQ’s simulation framework allows us to

explore the vast design space encompassing the cross-product of buffer sizes and

modules’ parallelism/unroll parameters. This enables the tuning loop to efficiently

tradeoff module resources against buffering capacity, minimizing the total resource

footprint of the pipeline. Using our tuning flow, we show that co-optimizing module

throughputs and buffer sizes saves up to 42% in resource footprint compared to

baselines [60, 61] that tune these parameters in isolation.

1.4 Thesis Statement

Although FPGAs are uniquely suited to accelerate input-dependent

streaming applications, their programmability remains underutilized due

to the rigidity of current hardware toolchains. Leveraging the stream

processing paradigm to systematically represent input-dependent pat-

terns as configurable templates in high-level synthesis, coupled with a

lightweight queueing abstraction to model performance, can enable the

rapid design-space exploration necessary for efficient acceleration using

customized deployments for input-dependent streaming applications.

1.5 Dissertation Contributions and Outline

In support of the thesis statement, this dissertation makes the following contribu-

tions that showcase the systematic design and tuning of input-dependent streaming

applications on FPGAs.

• Systematization of input-dependent design patterns in streaming

pipelines (Chapter 2). As a foundation for representing and modeling
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input-dependent streaming pipelines, this dissertation outlines the hierarchy of

input-dependent patterns. Using these patterns, complex application pipelines

can be broken down into core, parallelizable compute kernels connected by in-

frastructure kernels that encapsulate the data-dependence. These patterns

also provide the framework for developing higher-level performance abstrac-

tions.

• Methodology for designing input-dependent streaming pipelines as

configurable design templates using HLS (Chapter 3). We use string

matching as a case-study to implement RapidScan, an HLS-based Streaming

String Matching Library. RapidScan implements string matching filters as

parallelized and deeply pipelined kernels with extensive parameterization both

for tuning functionality and performance-resource tradeoffs. Infrastructure

kernels act as shims between the various filter components, acting on the

input-dependent dataflow to enable common-case optimization.

• RapidDetect: 200 Gbps FPGA-accelerated Streaming Log Moni-

toring (Chapter 3). Leveraging the configurability of RapidScan and the

productivity conferred by HLS, this dissertation presents RapidDetect, a

novel streaming Log Monitoring accelerator operating on Sigma rules. We

implement new kernels specifically designed for parsing JSON-formatted logs

and enhancing existing filters to robustly process Sigma rules.

• ReCONNECT: RTL-Native NoC Generator (Chapter 4). Under-

standing the limits of representing input-dependent patterns in HLS requires

a state-of-the-art RTL baseline. We present ReConnect, a NoC generator

written entirely in SystemVerilog based on FPGA-friendly hardware design
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principles for modern architectures.

• Characterization of HLS vs RTL implementations for input-

dependent design patterns (Chapters 3 and 4). This dissertation

uses RapidScan and an FPGA-accelerated database aggregation pipeline

to study the compaction and routing design pattern implementations. We

implement equivalent RTL and HLS-based implementations for both design

patterns, showing that while compaction can be represented in HLS with

minimal loss in efficiency, Network-on-Chips are better suited for RTL-native

implementations.

• Queuing-Based Performance Modeling and Simulation of Input-

Dependent Streaming Pipelines (Chapter 5). We present RapidQ, a

lightweight queueing-based performance modeling and simulation framework.

RapidQ’s high-level abstraction and fast queueing simulation implemented

in SystemC, significantly reduce simulation load, making it 7x faster than

state-of-the-art approaches with minimal loss in accuracy.

• Automated flow for co-tuning module throughput and buffer sizes

for resource efficiency in a streaming pipeline (Chapter 5). Empow-

ered by the simulation agility delivered by RapidQ, we present an automated

tuning strategy with the objective of minimizing resource utilization while

meeting a performance target. The strategy explores the vast design space

of co-tuning both module throughputs and buffer sizes achieving over 42%

reduction in resource utilization compared to tuning either in isolation.

Lastly, Chapter 6 presents concluding remarks, discussing the impact and

limitations of the dissertation, and future research directions.
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Chapter 2

Input-Dependent Design

Patterns in Streaming Pipelines

Configurable design templates that expose a broad design space are critical to en-

abling common-case optimization for input-dependent streaming applications. Tra-

ditional hardware design flows that use low-level languages, such as SystemVerilog

or Chisel [42], provide limited parameterizability and hamper development produc-

tivity, essential to customizing hardware to changing common-cases. High-level

synthesis (HLS) can confer all the benefits of higher-level languages such as tem-

plate meta-programming and object-oriented programming to automatic hardware

generation, bringing software-like development agility to hardware design. However,

input-dependent dataflows pose a challenge to the regular pipeline and data par-

allelism that HLS depends on to generate efficient and performant hardware using

static scheduling. In this chapter, we identify key input-dependent design patterns

that arise due to common-case optimization and how the streaming data paradigm in

HLS can help separate core parallelizable computation from this input-dependence,
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1 using data_t = int;
2 # define N 8
3 void reduction ( data_t A[N], data_t B[0]) {
4 B[0] = 0;
5 # pragma unroll
6 for (int i = 0; i < N; i++) {
7 B[0] += A[i];
8 }
9 }

(a) HLS Implementation of a reduction function written in C++. The unroll pragma spec-
ifies that the loop must be fully unrolled and performed in parallel using multiple adder
units if possible.

N = 8, uint32_t(b) Generated hardware for the 8 inputs of 32 bit integers. HLS generates an efficient
pipelined reduction tree to achieve high throughput at the targeted maximum frequency.

Figure 2.1: Example of Automatic Hardware Generation using High-Level Synthesis
(HLS) for an Adder Reduction Tree

enabling performant but configurable hardware designs.

2.1 Background and Motivation

2.1.1 High-Level Synthesis for Parameterizable Designs

High-Level Synthesis (HLS) toolchains are specialized compilers that trans-

late programs written in high-level languages, such as C/C++, directly into hard-

ware implementations. By performing dataflow analysis on sequential code, HLS au-

tomatically extracts parallelism while allowing designers to control the performance-

resource tradeoff through pragmas that dictate memory and compute layouts. Fig-
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ure 2.1 illustrates how HLS tools generate efficient hardware for an adder reduction

kernel represented in C++ and annotated with these performance pragmas. For

a specified target frequency, HLS automates the generation of both the control

and data paths of the reduction tree, ensuring the resulting hardware functionality

strictly matches the software representation. Paired with rapid functional testing

via software execution, this agile, correct-by-construction approach to hardware gen-

eration significantly enhances designer productivity and broadens the accessibility

of hardware design.

Effectively exposing a design space, however, relies on parameterizable

templates capable of generating a diverse range of efficient hardware implemen-

tations rather than one high-performance instantiation. While parameterization

in traditional Hardware Description Languages (HDLs) like SystemVerilog allows

for compile-time modifications, their rigid, cycle-level structural encoding restricts

flexibility. This rigidity makes it difficult to maintain high performance and effi-

ciency across parameterizations that require fundamental shifts in the hardware’s

control and data paths. In the adder reduction example, transitioning to a different

data type, such as an 8-bit integer or a floating-point number, requires more than a

simple data-width parameter adjustment. 8-bit adders have a much smaller timing

delay, reducing the need to pipeline every adder unit. Floating-point adders, on

the other hand, are more complex and typically require mapping to hardened DSP

slices on an FPGA to remain efficient. Consequently, parameterizable designs in

HDLs demand substantial manual effort to specify customized optimizations for

each parameter instance, rendering a broadly compile-time tunable implementation

unwieldy.

The true strength of automatic hardware generation via HLS lies in bridg-

16



(a) Reduction tree for N = 16 and 32-bit in-
teger data type adds a layer to accommodate
the wider input.

(b) Reduction tree for N = 16 and 8-bit in-
teger data type uses fewer pipeline stages.

Figure 2.2: HLS can generate efficient hardware for a variety of configurations from
a single implementation through parameterization in the higher-level software rep-
resentation

ing this gap. By leveraging software-level parameterization, such as type systems

and metaprogramming features, designers can easily modify functional specifications

that are then automatically translated into efficient hardware implementations at

compile time. For instance, altering the data type or the number of inputs in

the adder reduction kernel (Figure 2.1a) yields a variety of distinct data paths. As

demonstrated in Figure 2.2, each resulting architecture is automatically optimized to

efficiently achieve the targeted frequency and balance performance-resource trade-

offs. This ability of HLS to map a single parameterizable implementation into a

broad design space of efficient instantiations makes it ideal for developing customiz-

able design templates for input-dependent applications.

2.1.2 Streaming Data Paradigm in HLS

HLS tools also feature stream-based communication primitives in C/C++ such

as the Vitis HLS Stream library [63] and SYCL pipes [64] to support streaming
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1 template <typename T>
2 void kernel (hls :: stream <T> in , hls :: stream <T> out) {
3 " architectural state" variables ;
4 while (true) {
5 " transient state" variables ;
6

7 // Could read multiple pipes
8 T in_flit = in.read ();
9

10 // Loop body (can do anything that statically elaborates into a
dataflow )

11

12 // Could write multiple pipes
13 out.write( out_flit );
14 }
15 }

Listing 2.1: Stream processing paradigm based implementation template for an HLS
kernel that reads from one input stream and writes to one output stream

pipelines. Hardware accelerators for streaming applications such as networking and

databases, that fit the stream processing/dataflow paradigm [65], can leverage this

direct module-to-module streaming to bypass expensive memory accesses [22, 66, 67].

Listing 2.1 shows an example of a free-running stream-based kernel imple-

mentation in Vitis HLS [45]. In each iteration of the loop, the kernel reads data (a

flit) from the input pipe/stream, performs some computation on it, and writes into

the output stream. Architectural state variables can optionally be defined outside

the loop, for persistence across loop iterations, allowing loop-carried dependence.

Within the loop body, designers can use the rich set of features present in the HLS

toolflow including unrolling to extract parallelism. In general, streaming kernels can

read from and write to multiple streams or produce and consume multiple stream

flits per loop iteration.
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|"path": "sh"}\n{"event_id": "8P65|

|"path": "sh"}XXXXXXXXXXXXXXXXXXXX|

|XXXXXXXXXXXXXXX{"event_id": "8P65|

Figure 2.3: The input file stream must be split into packets using the newline
character as the delimiter. Padding bytes are inserted to fill to the stream width.

2.1.3 Input-Dependence and HLS

Custom hardware implementations achieve acceleration by leveraging the spatial

parallelism present in algorithms. For regular algorithms such as dense matrix

multiplication, this parallelism is independent of the data being processed and known

at design time. This allows static specialization to spatial hardware structures that

extract this parallelism. High-Level Synthesis (HLS) frameworks [46, 68] excel in

generating efficient FPGA implementations for such data-independent algorithms.

Using pipelining and unrolling of computational loop structures, HLS tools can

statically interpret and extract parallelism even from sequential representations in

C/C++.

Input-dependent applications, on the other hand, exhibit irregular paral-

lelism which can vary with each input. While hardware can be tuned to support

a certain common-case parallelism, uncommon-cases, as the name suggests, are not

impossible and must be handled for functional completeness. However, most com-

mercial HLS tools are statically scheduled [69], catering to computations that can

make use of spatial parallelism in custom hardware. Since input-dependence is not

statically determinable, these schedulers assume the worst-case, possibly limiting

the throughput even for the common-case.

Illustrative Example
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1 void splitter (hls :: stream <flit_t > in , hls :: stream <flit_t > out) {
2 while (true) {
3 flit_t in_flit = in.read ();
4

5 flit_t out_flit_before_newline ;
6 flit_t out_flit_after_newline ;
7

8 bool found_newline = false;
9 // Search for the newline

10 // Compute the padding for the output flits
11 // Could take multiple cycles
12

13 out.write( out_flit_before_newline );
14 if ( found_newline ) {
15 out.write( out_flit_after_newline );
16 }
17 }
18 }

Listing 2.2: HLS implementation of a splitter kernel that splits input flits based on
the presence of the newline character.

1 2 3 4 5 6 7

Iteration 1 RD C C WR1

Iteration 2 RD C C WR1

Dependence

(a) Schedule when no newline is found and only one flit needs to be written. The write-after-
write dependence forces a delay of only 1 cycle between loop iterations and input reads.

1 2 3 4 5 6 7

Iteration 1 RD C C WR1 WR2

Iteration 2 RD C C WR1 WR2

Dependence

(b) Schedule when newline is found and two flits need to be written to the output stream.
The write-after-write dependence forces a delay of 2 cycles between loop iterations.

Figure 2.4: Depending on the presence of the newline character in the input flit,
the splitter kernel must follow different schedules at runtime to achieve maximum
performance.
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1 2 3 4 5 6 7

Iteration 1 RD C C WR1 WR2

Iteration 2 RD C C WR1 WR2

Figure 2.5: Static Scheduling assumes the worst-case leading to a two cycle delay
between loop iterations even in the absence of a newline character in the input flit,
halving the kernel throughput for long, multi-flit packets.

To illustrate, consider a kernel that processes a file stream by splitting in-

dividual lines into separate packets, as shown in Figure 2.3. Listing 2.2 provides

an example HLS implementation. During each iteration, the kernel reads from the

input stream and outputs either one or two flits, depending on whether a newline

character is detected. For maximum performance, the hardware implementation of

the kernel must schedule the next iteration of the loop based on this input-dependent

newline detection as shown in Figure 2.4. However, for correctness, static scheduling

must assume the worst-case scenario of two writes per iteration, with the generated

hardware scheduled for a fixed two clock cycle delay between loop iterations to

ensure it can accommodate the potential second write as shown in Figure 2.5.

If the file being processed comprises short lines that fit within a flit, this

worst-case schedule matches the common-case. However, for a workload consisting

of files with long lines (e.g., system logs), this implementation operates at half the

maximum possible throughput, with the output stream idle for close to 50% of the

time. This example illustrates the fundamental limitation of statically scheduled

HLS in representing input-dependent streaming kernels as monolithic units.

2.1.4 Stream-Dependent Backpressure

The streaming data paradigm offers a relaxation to the strict static schedul-
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13 out_0.write( out_flit_before_newline );
14 if ( found_endline ) {
15 // Scheduled in the same cycle but occurs conditionally
16 out_1.write( out_flit_after_newline );
17 }

Listing 2.3: Modified HLS implementation of a splitter kernel using two output
streams to allow fully-pipelined execution

1 void merge(hls :: stream <flit_t > &in_0 , hls :: stream <flit_t > &in_1 ,
2 hls :: stream <flit_t > &out) {
3 flit_t flit_0 , flit_1 ;
4 bool valid_0 = false , valid_1 = false;
5

6 while (true) {
7 if (! valid_0 ) valid_0 = in_0. read_nb ( flit_0 );
8 if (! valid_1 ) valid_1 = in_1. read_nb ( flit_1 );
9

10 flit_t flit_out = valid_0 ? flit_0 : flit_1 ;
11

12 if ( valid_0 || valid_1 ) {
13 out.write( flit_out );
14 }
15

16 if ( valid_0 ) valid_0 = false;
17 else valid_1 = false;
18 }
19 }

Listing 2.4: HLS implementation of the merge kernel that merges two input streams
using non-blocking reads. The kernel prioritizes the common-case stream that must
support a higher throughput.

ing in HLS. While stream reads and writes must remain strictly timed relative to

one another, HLS permits conditional execution and non-blocking stream accesses.

Provided that these conditional operations do not waste cycles in the common-case,

such as by conditionally writing to a parallel second stream (Listing 2.3), streaming

kernels can still achieve fully pipelined execution. A downstream merge module

can then conditionally read from these parallel streams to produce a single unified

output stream, as shown in Listing 2.4.
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1 2 3 4 5 6 7

Iteration 1 RD C C WR1

WR2

Iteration 2 RD C C WR1

WR2

Dependence

(a) Output streams maintain low occupancy when newlines are rare allowing loop iterations
to execute every cycle irrespective of the presence of newline.

1 2 3 4 5 6 7

Iteration 1 RD C C WR1

WR2

Iteration 2 RD C C -- -- WR1

-- -- WR2

Backpressure

(b) When the output streams eventually fill up due to lower downstream throughput, stream
backpressure stalls the kernel independent of the presence of newline.

Figure 2.6: Stream backpressure allows statically scheduled kernels to be stalled
independent of the input being processed currently, effectively shifting the input-
dependence into the queueing behavior of stream buffers.

Due to input-dependent behavior, some iterations still require the handling of

multiple flits. While the splitter kernel can potentially execute every cycle despite its

higher output throughput, the merge kernel cannot push that same throughput into

a single output stream. Instead, this input-dependence is dynamically managed

via backpressure: the merge kernel conditionally reads its input pipes and stalls

the upstream splitter only when necessary as shown in Figure 2.6, avoiding the

pessimistic, every-cycle stall assumed by a static schedule.

Modern HLS toolchains manage this backpressure efficiently, scaling resource

usage according to kernel complexity using stall-free or free-running pipeline opti-

mizations [70, 71]. For designs relying on streams or dynamically managed dataflow
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regions, these implementations use exit FIFOs to mitigate fanout on the stall path.

By systematically leveraging the streaming paradigm and the associated optimiza-

tions, designers can achieve high-performance implementations of input-dependent

stream kernels in HLS.

2.2 Design Patterns

The stream processing paradigm is essential for representing input-dependent

dataflows within an otherwise statically scheduled HLS toolchain. Common-case

optimizations, however, take several distinct forms, each giving rise to a unique

design pattern which, if mishandled, can lead to inefficient HLS kernels. In this

section, we identify four types of common-case optimizations and, for each, present

strategies for separating input-dependence from the core parallelizable computation,

yielding kernels that are more amenable to efficient HLS acceleration.

2.2.1 Early-Exit

The simplest common-case optimization is the early-exit pattern in which some

packets in the stream are able to exit the pipeline early if they satisfy a filtering

condition, and skip the rest of the computation. The string matching pipeline from

Section 1.1 is a clear example of input-dependent early-exit where packets that

do not match any “fast-pattern” exit the pipeline early. If in the common-case a

significant fraction of packets exit the pipeline, the reduced load on the downstream

stages can allow for more resource efficient, lower throughput implementations. This

pattern is seen in applications such as networking [26] and early-exit neural networks

[11, 12].

Stream-based Implementation Strategy. The simplicity of this pattern allows
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Module A Module B

Early-Exit Stream

Figure 2.7: Combined implementation of the early-exit pattern relies on the kernel
computing on the packets to make the filtering decision.

Module A Fork

Early-Exit Stream

Module B

Decision 
Stream

Figure 2.8: Dedicated fork kernel-based implementation of the early-exit pattern
uses a separate per-packet decision stream to make the filtering decision.

it to be integrated into the decision-making HLS kernel without impact on perfor-

mance as illustrated in Figure 2.7. But, for modularity and separation of the data

and decision stream, this pattern can also be encapsulated in a separate steering

module that takes as input the data stream and a decision stream and steers the

data into one of two output streams (Figure 2.8).

2.2.2 Fast-Slow Path or Fork-Join

The fork-join pattern emerges in applications where different packets require

different functions to be applied to them or produce variable amounts of input-

dependent work, such as in graph-based accelerators [72]. By applying common-

case optimizations, the hardware implementation of each function can be specialized

according to its computational complexity and the expected volume of traffic it will

serve. A classic example of this is the fast-slow path architecture, widely used in
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1 template <typename T>
2 void kernel (hls :: stream <T> in , hls :: stream <T> out) {
3 while (true) {
4 T in_flit = in.read ();
5

6 if ( condition ( in_flit ) == FAST_PATH ) {
7 out_flit = fast_path ( in_flit );
8 } else {
9 out_flit = slow_path ( in_flit );

10 }
11

12 out.write( out_flit );
13 }
14 }

Listing 2.5: Naive software-like implementation of the fork-join design pattern in
statically scheduled HLS severely restricts per-function customization

system designs such as Software-Defined Networking (SDN) [73]. This represents a

specialized class of the fork-join pattern where a distinct common case requires high-

throughput, low-cost processing, while a separate “slow path” handles uncommon,

computationally expensive packets.

While a software implementation can easily handle this pattern using stan-

dard conditional structures like if-else or switch-case blocks, a direct translation to

HLS (Listing 2.5) will produce an inefficient hardware design. Because HLS relies

on static scheduling, both execution branches are forced to adhere to identical hard-

ware timing constraints, severely limiting the ability to specialize the common-case

function. Therefore, even if the slow path is rarely triggered, it must be provisioned

to support the full throughput of the fast path to avoid becoming a system bot-

tleneck. Although a modified structure that explicitly prioritizes the common case

(Listing 2.6) can provide a reasonably efficient workaround when the slow path is

exceptionally rare, this approach does not scale to generalized fork-join architec-

tures.
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1 template <typename T>
2 void kernel (hls :: stream <T> in , hls :: stream <T> out)
3 while (true) {
4 bool fast = true;
5 while (fast) {
6 T in_flit = in.read ();
7

8 fast = condition ( in_flit );
9

10 // Fast path processing
11 out_flit = fast_path ( in_flit );
12

13 if (fast) out.write( out_flit );
14 }
15

16 // Slow path processing
17 out_flit = slow_path ( in_flit );
18 out.write( out_flit );
19 }
20 }

Listing 2.6: Heavily skewed common-case allows for dedicated fast-path handling
with the slow-path implemented for functional coverage. Switching between the fast
and slow-path in this implementation comes with a performance penalty.

Module A Fork

“Fast” Path

“Slow” Path

Join Module B

Figure 2.9: Fast-Slow path allows dedicated implementation and resource allocations
for common-case packets requiring cheaper, higher throughput compute and rare-
case packets that can be handled resource efficiently at a lower throughput.
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Module A Module B

Figure 2.10: Module A produces 2 elements per flit on average which can be handled
by a narrower Module B. A parallel implementation of Module A produces a sparse
output which wastes processing cycles in B creating unnecessary backpressure.

Stream-based Implementation Strategy. To overcome the limitations, the fork-

join design pattern can be explicitly decomposed into a packet steering kernel (fork),

individual per-function kernels, followed by a stream join kernel to combine the

individual function streams into one, as shown in Figure 2.9. Individual kernels

can be tuned independently to the expected common-case traffic. In fact, in the

degenerate case, both the fast and slow path could be simple passthrough kernels,

similar to the proposed solution for the line splitter kernel in Section 2.1.3.

2.2.3 Sparsity

Consider the streaming pipeline shown in Figure 2.10. Module A consumes 8 ele-

ments per flit from the input stream every cycle and, depending on the input values,

produces 0 to 8 output elements for each flit. The downstream module B processes

the outputs from A. Assuming the worst-case, B would need to be provisioned to

handle 8 elements per cycle. However, we can instantiate a cheaper and narrower

module B if it is known at design time that, for the expected inputs of a certain

deployment, module A outputs an average of 2 elements per cycle.

However, hardware implementations achieve high throughput by exploiting

algorithmic parallelism. To scale performance, Module A must scan all elements of
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1 2 3 4 5 6 7 8 9 10 11 12

Iteration 1 RD WR WR WR WR WR WR WR WR

Iteration 2 RD WR WR WR

Dependence

(a) Static schedule for scanning a wide flit in smaller chunks tuned for the common-case
leads to worst-case inter-iteration delay.

1 2 3 4 5 6 7 8 9 10 11 12

Iteration 1 RD C WR

Iteration 2 RD C WR

(b) When the output streams eventually fill up due to lower downstream throughput, stream
backpressure stalls the kernel independent of the presence of newline.

Figure 2.11: Stream backpressure allows statically scheduled kernels to be stalled
independent of the input being processed currently, effectively shifting the input-
dependence into the queueing behavior of stream buffers.

an input flit simultaneously. Because most elements do not produce an output in

the common case, this parallel scanning introduces input-dependent sparsity into

the intermediate streams. If Module B were to process these sparse flits directly,

it would either need to spend multiple cycles sequentially scanning the wide input

(Figure 2.11a) or provision for the worst-case by processing all eight elements in

parallel. Both approaches are sub-optimal: the former wastes clock cycles parsing

empty inputs, while the latter is over-provisioned for the common-case.

Stream-based Implementation Strategy. Compaction, or packing the sparse

flit into a narrower, denser flit, tailored to the common-case, is essential for stream-

ing pipelines with the sparsity design pattern to efficiently utilize downstream par-

allelism. Because this compaction process is highly input-dependent, it is best im-

plemented as a dedicated standalone module between Modules A and B to filter out

empty elements within stream flits. The compaction will naturally propagate back-

pressure back to the source (Module A) in case of lower sparsity in the uncommon-
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𝐴0

𝐴1

𝐴𝑀

𝐵0

𝐵1

𝐵𝑁

(a) Shuffle using point-to-point streams sim-
ilar to the fork-join design pattern.

𝐴0

𝐴1

𝐴𝑀

𝐵0

𝐵1

𝐵𝑁

(b) Shuffle using a central crossbar/routers
abstracting the implementation.

Figure 2.12: The shuffle design pattern connects M source kernels with N sink
kernels enabling arbitrary input-dependent communication patterns.

case, allowing module B to be implemented with a more efficient schedule as shown

in Figure 2.11b. Additionally, this technique can be viewed as a generalized stream

join, bridging wide and narrow streams rather than multiplexing multiple distinct

streams.

2.2.4 Shuffle

The most comprehensive design pattern, which can be viewed as a generalization of

the patterns discussed, is the shuffle pattern (also called all-to-all). This pattern is

commonly found in parallel processing architectures, such as stream processing for

database analytics [74]. In streaming applications, the shuffle pattern arises when

M source modules must route data to N sinks based on input-dependent conditions,

such as a database table key. Depending on the workload, the actual communica-

tion traffic that the shuffle operation must support can vary significantly. In the

30



common case, the required bandwidth across links may fluctuate or become heavily

imbalanced toward specific sink kernels. Efficiently supporting this bandwidth het-

erogeneity demands a scalable and configurable implementation of the shuffle design

pattern.

Stream-based Implementation Strategy. A point-to-point implementation, as

illustrated in Figure 2.12a, delivers the highest performance and can utilize HLS

implementation strategies similar to the fork-join pattern. However, its high re-

source consumption and the complexity of managing very wide joins, particularly

when ensuring fairness guarantees, make it impractical for large-scale shuffles. Like

the compaction strategy, the shuffle pattern requires a dedicated, custom network

implementation tailored to the common-case communication patterns of the specific

input-dependent streaming application.

2.3 Summary

In this chapter, we presented four common input-dependent design patterns that

arise when applying common-case optimizations to spatial hardware implementa-

tions. While static scheduling in commercial HLS tools is resource-efficient, it fails

to extract parallelism from common-case optimized kernels, placing the burden on

the designer to manually restructure the code on a case-by-case basis. We leverage

the stream processing model provided by commercial HLS tools [63, 64] to impart

structure to the problem of representing input-dependence in HLS. Using stream-

based backpressure, we successfully decouple this input-dependence from the core

parallelizable computations. The isolated computations are more amenable to static

scheduling, enabling input-dependent streaming pipelines to be systematically real-

ized as highly parameterizable HLS design templates.
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2.4 Implications

2.4.1 Design

While the strategies presented in this chapter simplify the representation of core

computations in input-dependent streaming pipelines, the structures managing the

input-dependence itself, such as compaction and shuffle kernels, are highly complex.

To construct a truly configurable design capable of adapting to varying common-

case scenarios, these input-dependent kernels must also be highly parameterizable.

In subsequent chapters, we use case studies to demonstrate that complex input-

dependent structures, like the shuffle pattern, are better suited for RTL-native im-

plementations. These RTL designs deliver higher performance and resource effi-

ciency while remaining reusable across diverse deployment scenarios. Furthermore,

the decoupling of the compute kernels allows them to remain in HLS, while the

RTL-native input-dependent intermediaries simply expose streaming interfaces for

seamless integration into the broader HLS framework.

2.4.2 Performance Abstraction

The stream processing paradigm facilitates scalability by exploiting parallelism and

concurrency in the application, while efficiently utilizing the compute resources

available on the device [75]. Input-dependent dataflows, presented in this chap-

ter, depend on this structure to decompose algorithms into smaller, acceleratable

kernels, characterized by high computational intensity and simplified control flow,

conducive to high-performance HLS representation [66]. Performance abstractions

can exploit this inherent structure, predicated on the insight that stream processing

kernels function as simple and parallelizable units with buffers exhibiting queueing

behavior [76]. A streaming pipeline can be modeled at the granularity of streaming
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kernels connected by buffers, abstracting away the functional implementation de-

tails. This allows the model to focus on their parallelization parameters to enable

rapid simulation and efficient tuning.
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Chapter 3

RapidScan: Parameterized

HLS-based Streaming String

Matching Library

In this chapter, we present a case-study of developing a parameterizable design tem-

plate for string matching and deploying it for Log Monitoring over Sigma rules [77].

We introduce RapidScan1 , a novel High-Level Synthesis (HLS)-based streaming

string-matching library that treats parameterizability and development agility as

first-class design goals alongside performance and efficiency. Based on the design

patterns and strategies laid out in Chapter 2, we designed the data-dependent com-

putations of string matching into a library of fully-pipelined HLS kernels. Written in

HLS, RapidScan exposes a broad design space of throughput and resource tradeoffs

for individual string matching filters. In addition, the ability to compose existing

library components with new domain-specific kernels allows RapidScan to pro-
1A short paper about this work was published as part of the Reconfigurable Computing Challenge

at FCCM 2026 [78]
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RapidDetect achieves 200Gbps on a single 
FPGA–enabled server!

4/25/2026 5

RapidScan 
FPGA

Full 
Matcher 

(Hyperscan)200 Gbps
< 5

 Gbps

FPGA (V80) CPU

Hyperscan performs 
the final full matching 
on remaining traffic to 
remove false positives

Shashank Obla | CMU | FCCM RCC 2026

FPGA component runs at line rate performing “necessary” checks 
per rule (upto 10,000 rules in parallel), significantly filtering traffic

Fully-Pipelined FPGA kernels designed using Vitis HLS ⇒ Fully parametrizable 
to new log types, and rulesets for high efficiency and performance

Figure 3.1: RapidScan String Matching operates at over 200Gbps using less than
30% of the Versal V80. Along with Hyperscan on the host CPU, the system,
RapidDetect, can process incoming logs at 200 Gbps on a single server

vide high-throughput FPGA-based string matching solutions across workloads and

domains, while minimizing energy and resource costs.

We use RapidScan to develop RapidDetect2, a high-performance stream-

ing log monitoring pipeline (shown in Figure 3.1). To achieve this, we designed novel

kernels specifically for parsing JSON-formatted logs and enhanced existing filters to

robustly process Sigma rules [77]. Our solution achieves near 200 Gbps throughput

on real-world log traces, evaluating over 4,000 rules and approximately 18,000 string

literals, delivering a 30x speedup and an over 12x reduction in infrastructure cost

compared to a CPU-only Hyperscan baseline.

3.1 Motivation

As hyperscalers push the limits of data centers, the scalability of log monitoring

has become critical for delivering efficient security solutions. However, existing

log-based systems remain bottlenecked by batch-oriented architectures that require

database ingestion prior to scheduled rule evaluation [8]. Streaming implementa-

tions using software-based regular-expression libraries such as Hyperscan [79] can
2This work was performed in collaboration with Tommy Tracy II, Matthew Beck, Wa-

jih Ul Hassan and Kevin Skadron from the University of Virginia and is open-sourced at
https://github.com/pigasus-hls/RapidDetect-RCC
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reduce detection latency and provide orders-of-magnitude higher bandwidth than

database query-based solutions. Nevertheless, the fundamental operation under-

lying regex matching, string matching, is ill-suited for general-purpose hardware,

requiring hundreds of CPU cores to saturate network line rates of 200 Gbps and

beyond [6].

Pigasus [6], a regex engine designed for network security, employs FPGA-

based pre-filtering stages operating at line rates of 100 Gbps to rapidly discard

traffic that fails to meet baseline rule conditions. This reduces the dependency on

expensive regular expression matching engines in software, providing an extremely

fast and energy- and cost-efficient solution on a single server. However, this common-

case optimization strategy renders the RTL solution fragile to changes in input traffic

composition and detection rulesets. Moreover, porting the design to the new domain

of log monitoring introduces further inefficiencies that cannot be solved purely by

retuning the existing design.

3.2 Background

3.2.1 Pigasus Intrusion Prevention System

Pigasus [6] is an FPGA-first regular-expression matching engine for network in-

trusion detection/prevention. Using common-case optimization strategies, Piga-

sus implements hierarchical filtering stages on the FPGA ending with full regular-

expression matching on the host CPU. With each successive filter, although the

compute complexity rises, the throughput required drops precipitously as traffic

and the set of potential rule matches get filtered in the common-case. Using these

successive filtering stages on the FPGA reduces the incoming network traffic by 6-

100x and uses the host CPU to perform full regular expression matching on the few
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remaining packets.

Pigasus implements two string matching filters, Multi-String Pattern

Matcher (MSPM; also called the Fast Pattern Matcher) and the Conjunct Pattern

Matcher (CPM; also called the Non-Fast Pattern Matcher), along with a network

traffic specific filter, the Header Matcher (HM). The MSPM scans packet payloads

at line rate for many thousands of string literals (called “fast patterns”), extracted

from the regex-based rules, concurrently. For SNORT [4] rules implemented by

Pigasus, the literal for each rule is hand picked by domain experts to be the most

selective. This fast and cheap filtering is implemented using hash-table and shift-or-

based scanning, removing a large fraction of incoming traffic. The CPM performs

more selective checks, but only for rules that match in the MSPM, significantly

reducing the complexity and speed of scanning needed. Using a bloom-filter-like

fingerprint, the CPM combines literal matches to check for conjunctions (ANDs) of

literals present in each regular expression, significantly reducing false positives.

3.2.2 Log Monitoring with Sigma Rules

Log Monitoring is another application domain which involves using Security In-

formation and Event Management (SIEM) systems [8, 80, 81] to detect malicious

activity in enterprise systems. Similarly to network IDS, SIEMs use rule-based de-

tection by matching logs with threat signatures as in Sigma rules [77]. Designed to

be SIEM-agnostic, Sigma rules use YAML syntax with detection conditions com-

posed of field-value predicates joined by logical operators (AND, OR, NOT).

Unlike Snort rules that match byte patterns in network payloads, Sigma

rules operate on semantic fields within structured log data, enabling detection of

host-level threats invisible to network monitoring. Specifically, the logs and their
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associated rules are JSON-formatted, consisting of "field": "value" pairs with

a small set of unique field types. Furthermore, most Sigma rules [77] are of the

Conjunctive Normal Form (ANDs of ORs). Because the CPM can only process strict

conjunctions (ANDs of literals), these rules must be decomposed into individual

conjunction rules.

3.2.3 Input-Dependent Patterns in String Matching

Between Filtering Stages

The main source of input-dependent behavior in Pigasus comes from the reduction

in packet traffic between filtering stages and the reduction in the number of rules

that must be checked in the downstream stages. The filtering efficiency of each

filtering stage is directly dependent on the input packets, and even for the packets

that do not get filtered, the number of rules they match on is input-dependent.

Early-exit patterns are found at the output of each stage, where packets that

do not match any rules are forked out of the pipeline, similar to the example from

Section 1.1. The reduction in the number of rule matches through a filtering stage

appears as increased sparsity in the output rule flits. Pigasus uses compacting stages

to remove empty rule hits while at the same time reducing the rule flit width to

allow for a lower processing rate of downstream kernels.

Multi-String Pattern Matcher (MSPM)

The Multi-String Pattern Matcher (Figure 3.2), being the first stage, needs to check

all the rules in the input stream. It uses multiple input-dependent structures to

achieve high throughput in the common-case that packets will not match most of

the rules.
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The frontend of the MSPM uses hash-table and shift-or-based string match-

ing in the Hash Check stage to check for all rule literals in every incoming flit. The

tables encode only the existence of a match and the stage produces one element per

byte in the input stream over eight channels for different length literals. To reduce

the throughput needed for the rule lookup, MSPM uses compaction stages to bring

down the extremely sparse per-byte match mask to only the elements that need

a lookup. This structure parallels the sparsity example from Figure 2.10, where

Module A is the Hash Check stage and Module B performs the rule lookup on the

output of Module A.

The final stage, overload expansion, handles hash collisions in the Hash Check

stage and expands the colliding rule to all the component rules. This stage exhibits

a fast-slow path input-dependent pattern: in the common-case most rule hits can

skip this step while only the rare colliding rules need to be expanded for correctness

in the downstream stages.

Conjunct Pattern Matcher (CPM)

The Conjunct Pattern Matcher (Figure 3.3) checks multiple literals per rule in every

packet that it processes. Similar to MSPM, it first uses a Hash Check to match all

the literals in parallel. But since each rule can have a variable number of literals
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to check for, using the raw matches is very expensive. Instead, the CPM uses the

hash-table hits to generate a Bloom-filter-like fingerprint which is compared against

precomputed per-rule fingerprints for only the rules the packet is tagged with from

the previous stages. Although this structure is not input-dependent in itself, the

throughput of the CPM is a function of both its input bitrate and the number of

rules it can process per cycle, both of which are input-dependent.

3.3 RapidScan

The primary compute kernels in RapidScan comprise the MSPM and CPM, which

are derived from Pigasus [6] (Figures 3.2 and 3.3). We completely redesigned these

kernels and the streaming pipeline using the design patterns detailed in Chapter

2, with specialized infrastructure kernels to decouple the input-dependence from

the main string matching modules. Furthermore, RapidScan treats parameteri-

zability and development agility as first-class design goals alongside performance

and efficiency. Using C++ and HLS features, the kernels incorporate extensive

functional and performance parameterization, while being modular allowing cus-

tomizable pipeline composition.

In the rest of this section, we describe the implementation of core string

40



matching kernels and infrastructure kernels along with the parameterization options

available in RapidScan. We further analyze HLS and RTL implementation options

for the 64-to-1 compactors within MSPM to provide guidance on the effective use

of the stream processing model in HLS to achieve RTL-like efficiency.

3.3.1 String Matching Kernels

After the stream-based restructuring of the design, the core string matching kernels

in the MSPM and CPM are easily parallelizable and simple feed-forward computa-

tions amenable to efficient hardware mapping using statically scheduled HLS. All

kernels are implemented as fully pipelined free-running kernels with parameteriza-

tion to control their parallelism factor, and hence the supported throughput. Being

feed-forward, the implementations are similar to how these computations would be

written for software, with the HLS toolchain appropriately pipelining the complex

logic to meet given clock timing constraints.

To ensure modularity and ease of future updates, the hash-table and shift-

or-based string matching functions used in the hash check stage are implemented

as helper C/C++ functions with the actual HLS kernels as wrappers following the

basic streaming structure in Listing 2.1. Read-only memories used to store the

processed rules for the hash-table, shift-or bitmap and rule and fingerprint lookups

are implemented as arrays in header files and can be independently updated for new

rulesets.

Since the string matching algorithm is the same as described in the Pigasus

author’s thesis [82] and RapidScan’s codebase is open source3, we do not repeat

the descriptions here.
3https://github.com/pigasus-hls/RapidDetect-RCC

41

https://github.com/pigasus-hls/RapidDetect-RCC


Field Tagging for Log Monitoring

As described in Section 3.2.2, Log Monitoring, being a different domain from net-

work security, has unique characteristics that the original Pigasus MSPM and CPM

functionalities could not adequately accommodate. Field-aware matching is essen-

tial for Sigma rules because a rule match literal is specific to a designated field, but

that literal can appear across multiple fields in a log event. The original Pigasus

string matcher without field awareness would generate excessive false matches if

used directly for Sigma rule checking. In practice, this field-aware matching reduces

the number of false positives from the FPGA by 2x.

To enable field-aware matching in RapidScan, we analyzed the logs and

Sigma rules and found the number of unique field types to be small, and out of

those, only two or three were very common among log events and rules. Based on

this observation, we introduced a new processing stage: The Field Tagger. The Field

Tagger parses JSON-formatted logs for predetermined field literals and appends

metadata to the logs, marking the position of bytes belonging to the particular

field’s value. MSPM and CPM match logic is updated with the required field type

for each value literal, which can be checked against the field tags in the data flits

for field-aware scanning.

As the first stage in the pipeline, the Field Tagger must sustain line-rate

traffic. Leveraging the productivity gained from using HLS, we implemented the

Field Tagger as a fully unrolled, deeply pipelined kernel within two days of one PhD

student’s effort. This development agility is critical to broadening the applicability

of RapidScan to new domains which might have unique constraints and common-

cases which cannot be handled by existing library functionality.
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3.3.2 Input-Dependent Infrastructure Kernels

The Pigasus string matching pipeline consists of several common-case optimizations,

as outlined in Section 3.2.3, and the majority of input-dependent structures fall into

the early-exit and fork-join categories. We implement these kernels as common

primitives parameterized using C++ templates, allowing reuse across various stages

in the string matching pipeline. As an example, Listing 3.1 illustrates the templated

packet steering kernel. We use the dedicated fork-based implementation of the early-

exit pattern in Figure 2.8 to steer the packets marked safe by each filtering stage

out of the pipeline.

Compaction

Sparsity occurs in the string matching pipeline within the MSPM pipeline in Figure

3.2 and also between stages to remove empty rule hits. In a 200 Gbps instantiation,

the compactors after the Hash Check stage in MSPM, must compact input widths

of 64 and in the common-case the number of hits might be as low as 1 per cycle.

This reduction, starting with extremely wide inputs, consumes significant resources.

Even in the Pigasus’s RTL implementation, all the compactors put together consume

close to as many logic resources as the Hash Check stage itself. Furthermore, this

compaction is essential to keep the resources of downstream logic such as the rule

lookup tables minimal.

Since scanning a sparse flit requires multiple clock cycles, preventing pipelin-

ing and limiting throughput, compaction must be implemented as a tree of 2 → 1

that can be parameterized to tune the compaction factor. However, implementing

this tree as a monolithic kernel is unwieldy and resource intensive. The extremely

structural and input-dependent design cannot be readily written in sequential C++
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1 template <typename TFlit >
2 void steerPayload (stream <bool > &Steer , stream <TFlit > &In ,
3 stream <TFlit > &Match , stream <TFlit > &Safe) {
4

5 bool eop = false;
6 bool flagged = false;
7 bool first = true;
8

9 while (true) {
10 if (first) {
11 // Read one steering decision per packet
12 bool valid = Steer. read_nb ( flagged );
13 first = !valid;
14 }
15

16 if (! first) {
17 TFlit inFlit ;
18 bool valid = In. read_nb ( inFlit );
19 if (valid) {
20 if ( flagged ) Match.write( inFlit );
21 else Safe.write( inFlit );
22 }
23 eop = inPayload .eop && valid;
24

25 // Mark next as the first flit of the next packet
26 if (eop) first = true;
27 }
28 }
29 }

Listing 3.1: Packet steering kernel based on the dedicated fork-based implementation
of the early-exit design pattern.

Figure 3.4: Reduction tree structure for implementing 8 → 1 Compaction
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1 template <int FanIn >
2 struct compactor_core_t <FanIn , 1> {
3 template <typename TFlit >
4 static void compactor_core (stream <TFlit > *InStreams ,
5 Cstream <TFlit > * OutStream ) {
6 stream <TFlit , COMPACTOR_PIPE_DEPTH > inter_0 , inter_1 ;
7

8 // Split the input streams into two halves
9 stream <TFlit > * InStreams_0 , * InStreams_1 ;

10 InStreams_0 = InStreams ;
11 InStreams_1 = & InStreams [FanIn / 2];
12

13 // Recursively instantiate sub -trees
14 task core_task_0 ( compactor_core_t <FanIn / 2, 1>:: template
15 compactor_core <TFlit >, InStreams_0 , & inter_0 );
16 task core_task_1 ( compactor_core_t <FanIn / 2, 1>:: template
17 compactor_core <TFlit >, InStreams_1 , & inter_1 );
18

19 // Last 2-to -1 compactor
20 task merge_task ( compact_2to1 <TFlit >, inter_0 , inter_1 , OutStream

[0]);
21 }
22 };

Listing 3.2: Template-based recursion to instantiate a compaction reduction tree
with a parameterizable compaction factor

code, needing precise management of intermediate signals and timing to achieve

full throughput. The control exercised over the code further restricts HLS compiler

optimizations, forgoing the benefits of using HLS over direct RTL implementation.

Using the stream-based decomposition described in Chapter 2, we break the

compaction structure into individual 2 → 1 streaming reduction kernels. With

stream-carried backpressure that captures the input-dependence, each of these re-

duction kernels can be simply implemented as a stream-join similar to the merge

kernel in Listing 2.4. At compile time, these kernels can be composed together to

create a parameterized end-to-end compaction kernel using template recursion as

shown in Listing 3.2 showcasing the configurability gained from using HLS.

Table 3.1 compares the Pigasus-derived RTL implementation of the com-
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Table 3.1: Resource Utilization and Fmax Comparison of Compaction on Versal
V80

Resource
Reduction Tree

(RTL)
Reduction Tree

(HLS)
Monolithic

(HLS)

SLICEs 884 (+6.2%) 939 (+118.9%) 1,935
LUTs 4,460 5,100 9,754

— Logic 2,924 3,588 9,754
— Memory 1,536 1,512 0

Fmax 740 MHz 544 MHz 501 MHz

pactor with two Vitis HLS [45] variants: a reduction tree and a monolithic version,

on the Versal V80 [83]. The monolithic compactor consumes twice the resources of

the RTL baseline due to inefficient CLB LUT utilization for intermediate buffering,

rendering it infeasible. However, the HLS-based reduction tree’s resource footprint

is within 10% of the RTL version. While it does not reach the peak frequency of

the RTL implementation, the overall string-matching pipeline is bottlenecked at 400

MHz, making the difference inconsequential. Therefore, the enhanced configurabil-

ity of the HLS reduction tree, coupled with its minimal impact on resource efficiency,

makes it the optimal choice for RapidScan.

Overload Expansion

Overload Expansion resolves conflicts caused by collisions in the hash table or mul-

tiple rules sharing the same fast pattern. While hash collisions in Pigasus were

extremely rare, the decomposition of the Conjunctive Normal Form used in Sigma

rules generates rules that often share multiple literals, creating unavoidable conflicts.

By employing a fast-slow path common-case design pattern with dedicated fork and

join kernels in HLS (Figure 2.9), we implement Overload Expansion to maintain

high throughput for non-conflicting rules while processing conflicted rules without
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Table 3.2: Multi-String Pattern Matcher (MSPM) Parameters

Parameter Name Description

MSPM_UNROLL Unroll factor controls the packet payload throughput
(8 = 200 Gbps)

MSPM_RESULT_WIDTH Number of rules per output flit per cycle
MSPM_RESULT_BYCOMPACT Use compaction to reduce final rules output width
MSPM_RESOLVE_CONFLICT Enable Overload Expansion stage
MSPM_EXPAND_OVERLOADED Choose between single kernel fast-slow path vs fork-join-

based implementation
MSPM_USE_SHIFTOR Enable the Shift-OR pre-filter
MSPM_FRWD_SUPER Enable the Shift-OR supercharacter look ahead
MSPM_CHECKTAG Enable tag checking in the MSPM.
MSPM_LOOKUP_WIDTH Number of parallel rule lookup tables (controls compactor

output width)
MSPM_CHECKFIELD Enable field tagging in the MSPM

stalling.

3.3.3 Parameterization

Table 3.2 and Table 3.3 present details about the extensive parameterization avail-

able in RapidScan. All the parameters are implemented as preprocessor macros in

C++ which control the appropriate functionality and performance of various library

components.

3.3.4 RapidDetect

Using the kernels in RapidScan, we deployed a fully functional prototype of

RapidDetect, a heterogeneous FPGA and CPU architecture for high-throughput,

low-latency threat detection in streaming system logs. Sigma rules used for Log

Monitoring contain literals and constructs that do not map entirely to the MSPM

and CPM structure leading to false positives from the FPGA. Hyperscan runs as a

separate, multi-threaded process on the host to complete the checking. Similar to
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Table 3.3: Conjunct Pattern Matcher (CPM) Parameters

Parameter Name Description

CPM_UNROLL Unroll factor controls the packet payload throughput
(4 = 100 Gbps)

CPM_USE_SHIFTOR Enable Shift-OR pre-filter
CPM_FRWD_SUPER Enable the Shift-OR supercharacter-based look ahead
CPM_CHECKFIELD Enable field tagging in the CPM
CPM_CHECK_FPDWIDE Enable an alternate wide 128-bit primary fingerprint bitmap

shared across different literal lengths
CPM_CHECK_FPALT Enable a second alternate fingerprint crosscheck using different

hash bits to increase match strictness
CPM_METAIN_WIDTH Number of rules per input flit per cycle
CPM_RESULT_WIDTH Number of rules per output flit per cycle
CPM_RESULT_BYCOMPACT Use compaction to reduce final rules output width
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Figure 3.5: RapidDetect System Prototype implemented on the Versal V80 with
200G Ethernet
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Pigasus, RapidDetect’s FPGA component significantly filters the incoming log

traffic reducing the pressure on Hyperscan. Table 3.4 details the system’s resource

utilization.

3.4 Evaluation

We evaluated RapidScan (1) as part of RapidDetect against existing software-

based log monitoring engines4 and (2) against Pigasus using SNORT rules for In-

trusion Prevention.

3.4.1 Experiment Setup

All RapidDetect experiments were conducted on a workstation equipped with a

Versal V80 Accelerator card [83]. We compare RapidDetect against Elasticsearch

[8], Hyperscan [79] and SigmaLite [27] deployed on a single-node server with an

Intel i9-13900K CPU with 8 performance cores and 16 efficiency cores and 128GB

of DDR4 memory and a Samsung 990 Pro 2TB SSD. To compare against Pigasus,

we replaced the memory IPs in the RTL implementation of Pigasus with Vivado

equivalents while leaving the rest of the design unchanged.

3.4.2 Dataset and Rule Set for RapidDetect

We use publicly available system logs from DARPA’s Transparent Computing (TC)

program [84]. The data originates from the CADETS, TRACE, and THEIA per-

formers during Engagement 5 (E5). CADETS includes over 1.2 billion log entries

collected over ten days, totaling 1 TB in size. The datasets simulate real-world at-

tacks interleaved with benign activities, making it representative of enterprise-scale
4This work was carried out in collaboration with Tommy Tracy II, Matthew Beck, Wajih Ul

Hassan and Kevin Skadron from the University of Virginia
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operational environments under heavy cyber threat. Since the DARPA CADETS,

TRACE, and THEIA logs represent Linux-based systems, we restricted our evalua-

tion to only Linux Sigma rules; at the time we downloaded the rules there were 200.

We compiled the 200 Linux Sigma rules using the Sigma compiler [85] into Elas-

ticsearch’s Domain Specific Language (DSL) [86], and evaluated RapidDetect,

Hyperscan, and Elasticsearch using this rule set.

3.4.3 Evaluation Metrics for RapidDetect

We evaluated two key metrics: throughput and Mean Time To Detect (MTTD).

Throughput measures the volume of log data processed per second by RapidDetect.

MTTD captures the time elapsed between log ingestion and detection output. For

RapidDetect, we measured throughput by reading JSON-formatted logs directly

from the FPGA’s DRAM. This approach ensured that performance reflects the

detection pipeline rather than I/O constraints. For MTTD, we computed the time

from ingestion to alert generation in the hardware pipeline; we also collected MTTD

time for the full pipeline including the Hyperscan regular expression engine. For

Elasticsearch, we read logs from disk, applied preprocessing, and forwarded them

to the Elasticsearch engine. We calculated throughput based on how much data

Elasticsearch ingests per second. Detection latency was computed by comparing

log timestamps with the ingestion timestamps embedded by Elasticsearch.

3.4.4 RapidDetect Results

Figure 3.6 plots the number of servers required to sustain 200 Gbps of traffic against

threat detection latency. RapidDetect achieves 200 Gbps on a single server,

demonstrating orders of magnitude lower latency than the state-of-the-art com-
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Figure 3.6: Number of servers needed to scale to 200 Gbps vs Mean Time to De-
tect for different Log Monitoring solutions. RapidDetect achieves near 200 Gbps
throughput on a single FPGA-enabled server.

mercial solution, Elasticsearch [8]. While Hyperscan achieves a lower Mean Time

to Detect (MTTD), scaling it to 200 Gbps would require approximately 40 servers.

Consequently, even though the V80 FPGA costs ten times as much as the server,

RapidDetect remains over 4x cheaper than an ideally scaled Hyperscan. More-

over, since RapidDetect utilizes only 30% of the V80, a smaller FPGA could

reduce costs further. Elasticsearch, limited by its sub-1 Gbps throughput, would

require over 2,000 servers, making it highly cost-prohibitive to scale to 200 Gbps.

3.4.5 Resource Comparison against Pigasus

Table 3.4 compares the resource utilization of the 100 Gbps RTL implementation of

Pigasus against RapidScan, which is configured for Log Monitoring at 200 Gbps

and Intrusion Prevention (IPS) at both 100 and 200 Gbps line rates. Pigasus’ re-

liance on hardcoded clock frequencies optimized for older FPGAs restricts its ability
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Table 3.4: Resource Utilization Comparison on the Versal V80 Accelerator

System Component LUTs FF BRAM DSP

RapidDetect Field Tagger 5,394 8,477 0 0
(200 Gbps MSPM 125,245 185,757 577 0
Log Monitoring) CPM 25,111 33,871 271 0

RapidScan MSPM 133,667 180,327 590 0
(200 Gbps IPS) CPM 34,141 48,924 479 0

RapidScan MSPM 75,582 98,060 334 0
(100 Gbps IPS) CPM 19,323 26,764 271 0

Pigasus MSPM 128,871 178,185 348 144
(100 Gbps IPS) CPM 25,478 41,802 340 80

to map efficiently to modern platforms. This limitation is clearly demonstrated when

compared against the 100 Gbps IPS variant of RapidScan, which consumes signif-

icantly fewer resources than Pigasus at the same speed. At twice the throughput

of Pigasus, RapidScan requires only 55% more BRAM (FPGA on-chip SRAM)

to support increased hash table parallelism, while its logic consumption remains

comparable (within 10%). Furthermore, RapidScan not only scales effectively, but

with the addition of field tagging, it successfully supports the novel Log Monitoring

workload at a full 200 Gbps line rate.

3.5 Summary

We introduced RapidScan, a High-Level Synthesis (HLS)-based library of high-

throughput parameterizable and composable input-dependent string matching

kernels. Based on the input-dependent design patterns identified in Chapter 2,

RapidScan, effectively leverages the stream processing paradigm in HLS to im-

plement string matching as a parameterizable design template, enabling tuning to
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a variety of common-cases and target FPGA platforms. An analysis of the com-

pactor, the most resource-intensive input-dependent structure, demonstrates that

through stream-based decomposition and template recursion, HLS achieves RTL-

equivalent resource efficiency while offering superior configurability and readability.

Consequently, RapidScan seamlessly scales to a 200 Gbps line rate for Intrusion

Prevention, consuming significantly fewer resources than an equivalent Pigasus

RTL implementation. Furthermore, the inherent productivity of HLS empowers

designers to rapidly integrate new functionality, extending RapidScan to provide

cost-effective solutions for novel domains like Log Monitoring. RapidDetect,

a heterogeneous FPGA-CPU system for Log Monitoring based on RapidScan,

delivers near-200 Gbps throughput at a quarter of the cost of Hyperscan, the

state-of-the-art software alternative.
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Chapter 4

RTL-Native Network-On-Chip

Generator

The shuffle design pattern is the most comprehensive input-dependent communi-

cation model identified in Chapter 2. Packet-switched Networks-on-Chip (NoCs)

provide resource-efficient solutions for this pattern by tailoring the network topol-

ogy to specific communication characteristics of a given workload [87]. For FPGA

accelerators, soft NoCs effectively manage this heterogeneity, enabling customized

routing on a per-application or per-workload basis [88–91].

However, implementing NoC routers using High-Level Synthesis (HLS) is

not trivial, requiring substantial effort to accurately capture their highly input-

dependent dataflows [53]. While Chapter 3 demonstrated that stream-based decom-

position can efficiently implement the compaction pattern in HLS without sacrificing

developer productivity, NoC-based routing presents a distinct challenge. Moreover,

the structure and generality in NoC topologies demand well-known configuration

options across application use-cases, placing higher emphasis on performance and
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resource efficiency.

To establish a robust baseline for evaluating stream processing-based HLS

networks, this chapter introduces ReConnect1, a novel, state-of-the-art, RTL-

native NoC generator. Built entirely in SystemVerilog, ReConnect utilizes a single

highly parameterized router module to support an extensive array of configurations

and topologies tailored to specific application needs. Furthermore, the modularity

of the core router elements, AXI-Stream protocol adapters, and interconnect links

enables users to seamlessly integrate existing topologies or build entirely new custom

networks.

When evaluating ReConnect-based implementation for a target, common-

case optimized database aggregation accelerator, an equivalent HLS implementation

consumes over 67% more resources, exposing the practical limits of HLS for repre-

senting complex input-dependent patterns.

4.1 Introduction

A state-of-the-art FPGA-optimized soft NoC generator is critical to making a mean-

ingful comparison with hardware optimizations used by HLS toolchains and native

support for streaming; however, existing solutions fall short. Legacy FPGA NoC

generators like CONNECT [93] are outdated and do not leverage new FPGA archi-

tectural features, such as hyper-registers. While the Hoplite family of NoCs [94–96]

and FastTrack [97] are newer, they are closed-source and lack support for custom

topologies, and ASIC-targeted NoCs, such as Constellation [98] and FlooNoC [99],

map poorly to FPGAs [93]. Furthermore, supporting intra-fabric communication re-
1ReConnect has been extensively validated using testbenches, internal research projects, and

by external users including the development of OpenFPGA-NoC [92]. It is available open-source
at https://github.com/shashankov/ReCONNECT
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Table 4.1: Comparison of NoC Generators
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ReConnect (ours) Active ✓ ✓ ✓ ✓ ✓

CONNECT [93] 2015 ✓ ✓ � � ✓

Hoplite [94] 2020 ✓ � � ✓ �

Constellation [98] Active � ✓ � � ✓

FlooNoC [99] Active � ✓ � � ✓

quires prioritizing lightweight, streaming protocols like AXI-Stream, vital to network

and streaming accelerators [26, 72, 78, 100] and integration with HLS frameworks,

over the bulky memory-mapped interfaces characteristic of ASIC-centric NoCs.

4.1.1 ReCONNECT

We developed ReConnect to fill this gap in open-source FPGA NoC generators.

Based on updated principles for FPGA-friendly design, ReConnect’s fabric-aware

router is optimized to support the high bus widths common to fabric communication

patterns [101], stall-free pipelined operation to allow register retiming and harness

FPGAs’ programmability with aggressive deployment specific optimizations. The

credit-based router interface further allows the interconnect links between routers

to be freely pipelined leveraging fabric routing features common to modern ar-

chitectures such as hyper-registers in Altera FPGAs [102]. At the user-interface,

ReConnect supports features essential to FPGA workloads, including AXI-Stream

[103], customizable clock crossing, and data width conversion.

To ensure seamless integration across hardware design frameworks, we de-
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signed ReConnect’s implementation to be fundamentally RTL-native. Because

nearly all workflows, including High-Level Synthesis (HLS), natively support RTL

[104, 105], this approach drastically lowers the barrier to integrating ReConnect

with existing designs. Leveraging FPGA compiler toolchain optimizations to sup-

plement System Verilog’s limited parameterization and module composition capabil-

ities, ReConnect delivers resource-efficient solutions to a broad-range of topologies

and FPGA workloads.

4.1.2 Evaluation

We characterize ReConnect’s performance and resource utilization across standard

NoC topologies and compare against the open-source NoC generator, CONNECT

[93], which comes closest to supporting all the same features. ReConnect achieves

an over 60% reduction in resource utilization and 35% increase in maximum oper-

ating frequency across various commonly used topologies and router configurations.

Overall ReConnect achieves a 9x improvement in iso-resource throughput com-

pared to CONNECT.

Compared with an equivalent HLS implementation for the butterfly topol-

ogy used in a database aggregation accelerator, ReConnect consumes 38%

fewer resources while delivering the same maximum throughput. Furthermore,

ReConnect’s configurability enables the instantiation of a more efficient butter-

fly network, trading a 26% drop in saturation throughput for a 3x reduction in

resources, suitable for the common-case optimized accelerator.
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Figure 4.1: Input-buffered router and its various datapath components. The router
consists of input buffers, route compute and switch arbitration stages and the data
crossbar with optional pipeline stages.

4.2 Background and Motivation

4.2.1 Packet-Switched Network-on-Chips

Packet-switched Networks-on-Chip (simply called NoCs here), as popularized in

[106], are on-chip interconnection networks that route packets over shared routing

resources. Unlike circuit-switching, packet-switching allows fine-grained sharing of

links and routers, leading to resource savings when communication patterns are ir-

regular, bursty, and not statically known ahead of time. Hence, they are extensively

used in FPGA-based accelerators that exhibit data-dependent irregular network

traffic across spatial compute kernels.
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At the heart of NoCs are routers that perform the actual data switching

operation as shown in Figure 4.1. Packets first arriving at the router are stored in

input buffers which capture backpressure transients from within the router. This is

followed by three main stages: (1) Route compute uses the destination information

(and possible other internal or NoC state) from the packet to compute which router

output port the packet must exit from, (2) Switch arbitration juggles requests from

multiple input packets destined for the same output port and fairly allocates the

switch resources among the requests, and lastly, the (3) Data crossbar performs the

actual switching, routing each input packet to its destination within the router.

These routers are then connected together to form a NoC topology that

connects endpoints in the user’s design. Complexity in topologies can span from the

simplest case of having a single router to more resource-efficient and traffic pattern-

specific topologies such as the Butterfly or Torus. The size of the routers and the

routing strategy used entirely depend on the needs of the topology, directly affecting

the router implementation choices and possible optimizations.

4.2.2 Designing Soft NoCs for FPGAs

Tailoring to FPGAs

Although FPGA fabrics are designed to emulate any custom digital circuit, designs

targeting FPGAs must be tailored to the unique features and idiosyncrasies of the

fabric to achieve the highest efficiency. As shown in CONNECT [93], FPGA-aware

NoC designs can achieve over 50% resource savings when compared to an ASIC-

targeted NoC implementation emulated on FPGAs. However, as FPGA architec-

tures evolve [30], it is essential to revisit and update some of the FPGA-oriented

design principles put forth by the authors of CONNECT.
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With newer process nodes, FPGAs rely on deeper pipelining to enable higher

operating frequencies with special routing resources [102] and compiler passes that

target pipeline optimization. While not to the extent seen in ASIC designs, modern

FPGA NoCs must expose more pipelining options within and between routers to

achieve these frequencies, as NoCs span larger die areas. Storage, although still lim-

ited on FPGAs compared to the more pervasive logic elements, can now be found

in more abundance in certain FPGA families. Although memory-hungry options

such as virtual channels remain a bad fit for FPGAs, providing the configurabil-

ity to choose SRAM-based buffers is essential to balancing utilization across the

heterogeneous resource types available in an FPGA fabric [30].

But modern FPGA fabric architectures are not entirely different from their

older counterparts. Fabrics continue to be over-provisioned with excess routing

resources including wires and support a relatively lower peak frequency compared

to peripherals such as memory [30]. Customizable design generators are even more

critical to targeting FPGAs to make use of their programmability and stand out from

ASICs as the push for specialization has increasingly driven compute to hardware

accelerators [107].

We also make a new observation: utilizing vendor-native hard IPs, such as

FIFOs, is critical to efficient hardware mapping. Relying on vendor synthesis tools

to implicitly infer hard IP from RTL is highly fragile, often failing due to minor

code variations or generational changes in the FPGA fabric [108, 109]. In the worst

case, uninferred IPs are emulated using soft logic, resulting in orders-of-magnitude

increase in resource utilization and severe degradation in maximum operating fre-

quency. Driven by these updated design principles, ReConnect provides a modern-

ized, FPGA-optimized NoC generator equipped with a robust suite of fabric-aware
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features.

User Interfacing

The usability of a NoC generator depends on providing and optimizing for interfaces

most commonly used by end-user designs. Most ASIC NoCs designed to support

SoCs target memory traffic and hence provide memory-mapped interfaces such as

AXI-4 [98, 99]. Hard NoCs in modern FPGAs satisfy a similar role, while soft

NoCs must carry inter-kernel traffic over latency-insensitive links using streaming

interfaces [110]. Existing ASIC NoC generators, such as Constellation [98] do not

support a streaming interface such as AXI-Stream out-of-the-box, making them

unsuitable for use with such FPGA designs. ReConnect’s modular instantiation

allows users to select between the bare router interface or use the AXI-Stream

adapters for easy integration.

Clock-crossing is another typical requirement for NoC interfaces, allowing

the NoC to run at higher frequencies unburdened by external constraints. Although

this is common to both ASIC and FPGA NoCs, clock crossing cannot be easily rep-

resented in vendor-agnostic RTL [111] and must use vendor-native IPs or templates

to achieve clock-crossing and the associated data-width conversion efficiently. In the

least, a NoC generator must expose modular clock-crossing buffers to enable users to

replace them with their device-specific instances. ReConnect provides behavioral

models along with IPs for the major FPGA vendors in a modular FIFO wrapper

enabling this customization.
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4.2.3 Hardware Design Frameworks

To make hardware design more approachable and modular, frameworks such as

Bluespec [41], Chisel [42], and High-Level Synthesis (HLS) [46, 68] offer advanced

language features, automatic circuit optimization, and integrated testing for hard-

ware design. HLS exposes the highest level of abstraction, interpreting sequential

C/C++ as hardware using code-transformation pragmas and compiler analysis to

generate hardware. Delivering a massive productivity boost for input-independent

computation kernels and simple dataflows, HLS rapidly loses its advantage for fine-

grained kernels such as NoC routers. Careful design as shown in [53], can allow

RTL-comparable HLS NoC implementations, but this leaves the code as or even

less maintainable than equivalent RTL. Moreover, HLS sources or outputs, finely

tuned to a particular HLS toolchain, are not easily portable across vendor offerings

due to toolchain idiosyncrasies, license restrictions, vendor-specific IP usage, and

target FPGA-specific optimizations.

Bluespec [41] and Chisel [42] provide vendor-agnostic programming abstrac-

tions closer to hardware, enabling tighter control over the performance and resource-

utilization of the generated RTL. We opt for an RTL-native approach, to allow

ReConnect to be truly plug-and-play with any design framework, removing the

additional step of wrangling with a new and potentially old RTL generator. RTL

languages such as SystemVerilog however do not support as rich a set of features

for modular instantiation and parameterization. We exploit the compiler passes in

modern FPGA toolchains, such as dead-code elimination and constant propagation

[112], to optimize the NoC datapath beyond SystemVerilog’s parameterization capa-

bilities. This allows ReConnect to provide a wide variety of customization options,

topologies, and hardware optimizations, despite being limited to SystemVerilog.
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4.3 One Router to Rule Them All

ReConnect’s router is central to fulfilling the goals of being parameterizable,

FPGA-friendly and performant. In this section, we describe the router architec-

ture, resource optimizations and parameterization options built into it.

4.3.1 Router Architecture

Flow Control and Backpressure

ReConnect implements wormhole flow control/switching [113] to make efficient

use of the limited buffering space available on the FPGA fabric. Unlike CONNECT

[93] which features peek flow control, ReConnect’s router implements a credit-

based interface. While peeking allows routers to directly observe each other’s buffer

occupancy, it can lead to degradation in operating frequency (fMAX) when the NoC

stretches over a large FPGA fabric. Credit-based flow control enables decoupling of

connected routers and allows the insertion of a variable number of pipeline stages

(upto the buffer depth) over the interconnect links between the routers to improve

fMAX.

Flit Buffering

ReConnect uses simple Input Queueing to save storage resources compared to

other techniques such as Virtual-Output Queueing [93]. Although ReConnect does

not support virtual channels, an accelerator that requires a deadlock-free response

channel can easily instantiate a secondary lower bitwidth response network which

can reduce storage consumption on the FPGA compared to an over-provisioned

virtual channel implementation. Leveraging the programmability of FPGAs, a single

NoC instance does not need to support all possible traffic patterns; instantiations
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can be tailored to provide resource-efficient solutions on a case-by-case basis.

Based on the observation that FPGAs have an over-provisioned routing fabric

with an abundance of wires, we chose to implement the packet header as a separate

parallel interface instead of occupying its own flit and cycle through the router. This

allows us to reduce latency and dedicate tailored resources to the header channel,

including narrower buffers.

Routing Strategy

We implement deterministic routing based on read-only routing tables stored in

each router, which are directly embedded as FPGA LUTs. In the Route Compute

stage, the packet header is used to probe the table for the output port the packet

must use to exit the router. Although deterministic routing is more restrictive,

adaptive techniques can be exceedingly complex to implement in hardware and pri-

marily benefit worst-case traffic patterns [113]. Since FPGAs allow customization,

despite being deterministic, both the routing strategy and NoC topology can be

updated per-application or workload, effectively mitigating these worst-case scenar-

ios. Furthermore, deterministic routing guarantees in-order packet delivery between

endpoints, eliminating the need for costly reordering logic at the receiver.

Switch Arbitration

Arbitration logic plays an important role in ensuring fairness, which in turn affects

the NoCs saturation throughput. Logic blocks in modern FPGAs have grown larger

with intra-CLB routing, which is capable of easily handling more complex logic

effectively. For ReConnect, we implement the matrix arbiter [113] which maps

well to these FPGA logic resources for the relatively small input/output ports seen

in NoCs and provides strong fairness guarantees improving the saturation bandwidth
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Figure 4.2: The disable turns matrix is used to achieve pruning in a directional torus
topology router using dimension-ordered routing. This disables paths connecting the
input directly to the output (I→O; endpoint sending data to itself) and the Y→X
turn which is not allowed in dimension-ordered routing.

by close to 20%. The arbitration logic also holds its grants for the entire duration

of a packet to avoid interleaving of flits from different packets, eliminating the need

for reassembly logic at the receiver.

Crossbar Switch

The crossbar switch is implemented to support full bandwidth between independent

input-output pairs using independent muxing logic per output port. Along with the

input buffers, the crossbar switch is one of the most resource intensive components

of the router.
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4.3.2 Micro-architectural Optimizations

Disabling Turns

While in a generic router all pairs of input-output traversals are possible, when

used in a topology along with a specific routing strategy, some of these pairs are

unused. Without any optimization, the router would be over-provisioned and waste

resources, especially in the crossbar, as shown in Hoplite [94] and [114]. However,

hard-coding this pruning of crossbar paths is not a viable solution if the router is to

be parameterizable and reusable across topologies and routing.

To achieve pruning in a parameterizable manner directly from RTL, we

rely on FPGA compiler toolchain’s constant propagation and dead-code elimina-

tion [112]. The router takes as input a boolean NUM_INPUTS x NUM_OUTPUTS matrix

DISABLE_TURNS which specifies which input-output pair connections should be dis-

abled in the router. This matrix is used to mask the select bits, zeroing out the

irrelevant inputs in each output port’s crossbar multiplexer logic. The compiler

propagates this constant and eliminates any logic affected by it, allowing us to de-

liver the same reduction in resources without hard-coding the pruning.

An example for the directional torus topology is shown in Figure 4.2. The

disable turns matrix produces the pruned crossbar structure after dead-code elimi-

nation.

Pipelining and Stall-Free Retiming

Pipelining is crucial to reaching higher operating frequencies in modern FPGAs.

Since not all router sizes or situations would require pipelining, in ReConnect we

implement pipelining as parameterizable options after each stage of the router, as

shown in Figure 4.1.
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Register Retiming [115, 116] in the FPGA compilation flow are powerful

techniques in balancing combinational paths across registers. But retiming can fail

in the presence of feedback paths such as combinational backpressure/stall signals.

To harness retiming, we push the credit-based flow control into the router all the

way to the route compute stage. This allows flits to flow stall-free through the

router once the credit check passes, allowing retiming of the registers within the

router critical paths.

Delayed Flit Dequeue

Although pipelining helps improve fMAX, it also leads to increased register usage,

especially for wide flit widths. Since only the packet header is needed to drive

routing decisions, pipelining the data flit is unnecessary. To reclaim the pipeline

registers used for data flits, we delay the dequeue signal to the input buffer until the

flit is ready to traverse the switch. This allows the routing and arbitration stages

to be pipelined for higher fMAX while data flits simply bypass these stages and

directly arrive at the crossbar.

4.3.3 Router Parameterization

Here we summarize the parameterization options available in ReConnect’s router

module:

• Flit and Header Width

• Flit Buffer Depth: Minimum depth is decided by the chosen router pipelining

options and interconnect pipelining.

• Number of inputs/outputs: Each router instantiation can be customized to
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have a parameterized number of input and output ports. Crossbar uses the

AND-OR structure to generate parameterized one-hot multiplexers.

• Routing Tables: Externally specified using memory hex files (generated using

provided or custom python scripts).

• Pipelining Options: Independent options for pipelining Route Compute, Ar-

biter and Output stages.

• Memory Resource Type: Option to force LUT-based RAM use for flit and

header buffers.

• Disable Turns: Optimize crossbar paths based on routing strategy and topol-

ogy structure.

4.4 Building Topologies

With the extensive options provided by ReConnect’s router, building a topology is

as simple as instantiating and connecting appropriately sized routers using generate

constructs available in SystemVerilog. For each topology, ReConnect instantiates

routers with the minimum number of input and output ports needed for each router

position in the topology. We also provide pipelining options for the links between the

routers to allow the NoC to stretch across endpoints placed far apart in the FPGA

fabric. The pipeline registers are designed to operate reset-free, enabling the full

extent of retiming optimization available in the FPGA toolchains. Figure 4.3 shows

a section of a mesh topology, highlighting the variable number of input/output ports

across routers and link pipelining.

Agentic AI tools such as Claude Code [117] or Antigravity [118] make cus-

tom topology generation even more accessible. Using the templates from topology
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Figure 4.3: Section of a mesh topology showing routers with different number of input/out-
put ports and optional pipeline stages along the links between the routers. Endpoint con-
nections are not shown.

presets available in ReConnect, new topologies and their associated routing tables

can be easily generated using natural language prompts. The provided regression

testing suite ensures that the generated NoC can be verified for correctness. Two of

the topologies in the open-source repository (Fat Tree and Fully Connected), were

generated by Antigravity using the Gemini 3.5 Flash model.

4.5 Interfacing with ReConnect

ReConnect provides an optional AXI-Stream wrapper around the credit-based in-

terface of the routers. The wrapper instantiates the necessary buffers to handle

credit signaling, converting the interface into a simple ready-valid protocol. Other

signals in the AXI-Stream protocol such as TID/TUSER are concatenated into

the data flit and unpacked at the receiving end. The AXI-Stream shims also of-

fer optional serialization and deserialization, alongside clock-domain crossing and
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simultaneous data-width conversion, implemented using vendor-native IP cores.

This comprehensive feature set grants user designs the flexibility to integrate with

ReConnect at their optimal operating points, effectively decoupling the constraints

of the user application from those of the NoC.

4.6 Evaluation against CONNECT

To showcase the effectiveness of our RTL implementation and parameterization,

we evaluate ReConnect across various topology and configuration options against

CONNECT [93] over latency vs throughput performance, fMAX (maximum oper-

ating frequency) and resource utilization.

4.6.1 Methodology

Default Parameterization

Unless mentioned otherwise, configurations for both CONNECT and ReConnect

set number of endpoints to 16, flit buffer depth to 8, flit width of 256 bits, and use

no virtual channels (set to 1 for CONNECT). When testing pipelining, we always

set all available options within the routers.

Load-Latency Curve

We implemented an open-loop traffic generator in cycle-accurate RTL simulation

using Verilator [119] to drive the AXI-Stream wrapped NoC with varying traffic

patterns. Uniform random sends packets to any endpoint with equal probability,

while the unbalanced neighbor traffic pattern sends a specified fraction (unbalance

factor) of packets to nearest neighbors and distributes the rest randomly to other

endpoints. The average packet latency is measured from the time the first flit is
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enqueued in the source buffer until it arrives at the receiver. For all measurements,

we run the simulation over the same number of total packets to ensure a uniform

basis for averaging with all pipeline options disabled for a fair comparison with

CONNECT.

Synthesis

We synthesize ReConnect using Altera/Intel Quartus 23.2 for an Agilex 7 Speed

Grade 1 device (AGIB027R29A1E1VB) which represents the latest and fastest

FPGA device available to us. The tool is set to its default compilation options,

virtual pins on all its I/Os to ensure appropriate timing analysis, and a target clock

frequency of 1 GHz. We also set both ReConnect and CONNECT to use only

LUT-based RAM (called MLABs in Altera FPGAs) if possible for the flit buffers

and measure resource utilization as the number of ALMs (unit of soft logic in Altera

FPGAs). In the synthesis runs, both CONNECT and ReConnect are compiled in

isolation without any floorplanning constraints to study them under their best case

scenario.

4.6.2 NoC Latency/Throughput Performance

To evaluate the performance of ReConnect, we plot the load-latency curve over four

16-endpoint topologies used in the CONNECT paper [93] and two traffic patterns,

Uniform Random (Figure 4.4) and 90% Neighbor Unbalanced (Figure 4.5). The

Fully Connected topology uses high-radix routers to provide one-hop links between

any two endpoints equivalent to the High Radix topology in CONNECT.

For Uniform Random traffic in Figure 4.4, the Fully Connected topology

achieves the lowest average latency while supporting the highest saturation through-
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Figure 4.4: Load-Latency Plot for ReConnect under Uniform Random traffic pat-
tern across various topologies.
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Figure 4.5: Load-Latency Plot for ReConnect under 90% Neighbor Unbalanced
traffic pattern across various topologies.
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Table 4.2: Effect of pipelining on resource consumption and fMAX of ReConnect’s
router across various sizes.

Size ALMs fMAX (MHz)
Comb. Pipelined Comb. Pipelined

2x2 1,393 (+8.2%) 1,507 593 (+26.1%) 748
3x3 2,454 (+9.3%) 2,681 509 (+30.9%) 667
4x4 5,466 (-31.8%) 3,728 386 (+52.1%) 586
5x5 4,879 (+11.3%) 5,428 395 (+27.8%) 505
6x6 13,200 (-45.0%) 7,261 326 (+42.4%) 464

Comb.: Combinational router core does not use any pipelining options
Flit Buffer Depth = 8 | Flit Width = 256 bits | Force MLAB (uses LUTRAM instead of SRAM)

put owing to its one-hop paths between endpoints and high bisection bandwidth.

Double Ring saturates and begins to deadlock at relatively lower loads due to its

circular topology and minimal connectivity across low-radix routers. Mesh and Fat

Tree provide a middle ground with similar saturation throughputs of 0.7, but higher

low-load latency than the Fully Connected topology.

Figure 4.5 plots equivalent curves for a Neighbor Unbalanced traffic pattern

where each endpoint sends 90% of the traffic to its nearest neighbors. All topologies

see significant improvement with Double Ring reaching over 80% of injection rate

with lower low-load latency than the more expensive Mesh and Fat Tree networks.

With high nearest neighbor traffic, the Mesh and Fat Tree and Fully Connected

topologies deliver similar saturation throughputs at just over 90% of injection rate.

4.6.3 Resource Utilization and Operating Frequency

Table 4.2 demonstrates that enabling pipelining yields an outsized benefit to router

frequency relative to its minimal, and occasionally negative, resource overhead.

Across most router sizes, we observe only a modest 10% increase in resource uti-

lization, highlighting the efficiency of the delayed dequeue mechanism detailed in
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Section 4.3.2. Counterintuitively, for 4x4 and 6x6 configurations, the purely combi-

national router core is more resource-intensive than its pipelined counterpart. This

anomaly can be attributed to logic duplication in the FPGA toolchain, which op-

timizes the critical path in the unpipelined design. Pipelining consistently delivers

over a 25% increase in fMAX, with the 4x4 configuration peaking at over 50% im-

provement and the smallest router configurations achieving operating frequencies

close to 750 MHz.

Table 4.3 compares the resource utilization and maximum operating fre-

quency (fMAX) of fully pipelined ReConnect and CONNECT implementations

across various router sizes and NoC topologies. For all but the largest router

configurations tested, ReConnect consumes approximately 50% fewer resources

while achieving up to a 20% increase in fMAX. This performance gap widens sig-

nificantly for mesh and directional torus topologies, where ReConnect achieves

roughly 60% resource savings alongside a 30 to 50% frequency improvement. CON-

NECT’s higher resource footprint stems partially from its FIFO implementation,

which cannot be inferred as Agilex 7 MLAB (LUTRAM) blocks. ReConnect fur-

ther reduces resource consumption by optimizing for dimension-ordered routing in

mesh-like topologies using crossbar pruning. When allowing on-chip SRAM usage,

we still see a 20% decrease in resource usage (ALMs) compared to CONNECT with

both designs using the same number of memory blocks; the operating frequency for

both remains the same as their LUTRAM equivalents.
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Table 4.3: Resource Utilization and Maximum Frequency (fMAX) comparison between ReConnect and CONNECT
across various router and NoC configurations.

Topology Size ALMs fMAX (MHz)
CONNECT ReConnect CONNECT ReConnect

Router 2x2 3,151 (-52.2%) 1,507 730 (+2.5%) 748
3x3 4,953 (-45.9%) 2,681 591 (+12.7%) 667
4x4 7,108 (-47.6%) 3,728 495 (+18.5%) 586
5x5 10,615 (-48.9%) 5,428 411 (+22.9%) 505
6x6 11,741 (-38.2%) 7,261 378 (+22.9%) 464

Butterfly 2-ary 4-fly 82,557 (-65.4%) 28,548 400 (+57.5%) 630
Mesh 4x4 98,067 (-66.5%) 32,901 325 (+57.8%) 512
Mesh (Pipelined Links) 4x4 104,917 (-66.0%) 35,718 410 (+35.6%) 556
Directional Torus 4x4 66,490 (-58.2%) 25,252 361 (+56.5%) 565
Directional Torus (Pipelined Links) 4x4 68,043 (-58.6%) 28,137 503 (+26.8%) 638

Flit Buffer Depth = 8 | Flit Width = 256 bits | Force MLAB (uses LUTRAM instead of SRAM) | All Router Pipeline Options
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Figure 4.6: Load-Latency curves comparing fully-pipelined mesh configurations op-
erating at their respective maximum frequencies

We also compare the effect of pipelining the links between the routers in

mesh-like topologies. Contrary to CONNECT’s argument that FPGA NoC routers

should be tightly coupled [93], even when the NoCs are not floorplanned, Table 4.3

shows that pipelining the links yields frequency gains, underscoring the importance

of revisiting design principles as architectures change. CONNECT sees a 25% jump

while the higher baseline frequency of ReConnect increases by around 10%. We

expect this gap to widen as designs grow larger, pulling the routers further away

from each other.

4.6.4 Latency and Throughput Comparison with CONNECT

Figure 4.6 plots the load-latency curves using the frequency and bitwidths to trans-

late the load fraction and latency into real-world metrics of Gbps and nanoseconds,

respectively. ReConnect’s 256-bit mesh implementation consumes approximately
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the same resources as a 64-bit implementation in CONNECT, while achieving higher

saturation load (as fraction of injection rate) and 30% higher frequency. Putting

these gains together, iso-resources, ReConnect sustains a 9x higher throughput

than CONNECT and close to 50% lower low-load latency.

To study the synthesis-agnostic saturation throughput performance, Figure

4.7 plots the saturation throughputs as a fraction of maximum injection rate.

The matrix arbiter used in ReConnect provides stronger fairness guarantees

compared to the round-robin scheme used in CONNECT, sustaining higher loads.

ReConnect outperforms CONNECT by over 15% for the Mesh and Fully Con-

nected topologies and by over 20% for the Fat Tree topology under uniform random

traffic. Double Ring performs similarly since the saturation occurs due to deadlocks

and is not affected by the arbitration scheme.

We see larger gains under the unbalanced traffic pattern for Double Ring, Fat

Tree and Mesh topologies. Double Ring reaches its true saturation limit due to the

smaller traffic fraction traversing long deadlock-prone paths. The Fully Connected

topology faces even lower contention with the unbalanced traffic with the increased

fairness in arbitration only delivering a marginal improvement.

4.7 Evaluation against HLS

Having established the performance and resource efficiency of ReConnect, in this

section, we evaluate ReConnect against an equivalent implementation of the but-

terfly topology in HLS, based on the communication pattern seen in a common-case

optimized database accelerator.
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Figure 4.7: Comparison of saturation throughputs as a fraction of maximum in-
jection rate between CONNECT and ReConnect for Uniform Random and 90%
Neighbor Unbalanced traffic patterns.

4.7.1 Common-Case Optimized Database Accelerator

Group-by aggregation (or just aggregation) is one of the most widely-used instances

of aggregation kernels in data analytics [10, 120, 121]. This operation condenses

an input stream of raw <key, value> tuples into an output stream whose length

equals the number of distinct attributes, by applying an aggregate function (e.g.,

summation) to combine the values of tuples with the same attribute. For example,

aggregation can be used by a business to extract trends in revenue by product.

The database recording every transaction may include two columns: one for the

Universal Product Code (UPC) and one for the transaction’s dollar amount. The

aggregation then computes the total revenue (the measure value) per UPC (the

grouping attribute).

Optimizing for the common-case in aggregation is a standard technique in

software, motivated by the data skew prevalent in many database tables [122]. In

these workloads, a small fraction of keys occur with a disproportionately higher
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Figure 4.8: Common-case optimized FPGA Group-by Aggregation accelerator uses
hierarchical aggregation blocks based on CAMs (Content-Addressable Memories)
and Hash Tables to efficiently utilize the heterogeneous memory resources available
on the FPGA. A NoC is used to partition the input key domain into disjoint hash
tables to increase the total capacity of the hash table array.

frequency, accounting for the vast majority of records. For example, in the sales

database, the UPCs of more popular items are expected to appear more frequently

than the UPCs of less common products. To exploit this data locality, software

implementations typically map these frequently accessed “hot” keys to local, per-

core hash tables designed to fit entirely within the L1 cache, while directing rarer

keys to larger, secondary backend tables [9, 123, 124].

FPGA-based accelerators can exploit the heterogeneous memory types avail-

able in the fabric, ranging from registers and distributed on-chip SRAM to High-

Bandwidth Memory (HBMs) and DRAM [125]. Figure 4.8 illustrates the architec-

ture of an FPGA-accelerated streaming group-by aggregation pipeline. The first

stage comprises small, register-based Content-Addressable Memory (CAM) aggre-

gation kernels. These kernels absorb frequently occurring keys while allowing rarer
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keys to seamlessly overflow into the subsequent stage. These overflow key-value

pairs are then captured by a second stage of hash tables, which leverage the signifi-

cantly larger capacity of the distributed on-chip SRAM. The design achieves spatial

parallelism by concurrently processing multiple key-value pairs across parallel in-

stantiations of these CAMs and hash tables. Furthermore, drawing on the Partition

and Aggregate strategy from [123], the accelerator uses an all-to-all network to route

keys into disjoint hash tables, eliminating key duplication across parallel tables, ef-

fectively scaling the total capacity with the number of parallel units.

The common-case for this accelerator is tied to the data skew within the

input key-value stream, a characteristic that can vary significantly across different

databases. Under high-skew conditions, the small set of hot keys can be efficiently

filtered by the CAM stage, drastically reducing the traffic forwarded to the NoC.

To efficiently support the broad design space of possible input skews, the NoC must

be compile-time configurable, enabling diverse topologies and flexible performance-

resource trade-offs. For this evaluation, we use a radix-2 unidirectional butterfly

topology for the relative simplicity of its 2 × 2 routers and the high bisection band-

width, while providing enough richness in router configurations to perform a com-

prehensive comparison.

4.7.2 HLS Butterfly NoC Implementation

As illustrated in Figure 4.9, the radix-2 butterfly topology comprises cascading

stages of 2 × 2 routers interconnected in a standard butterfly permutation. Imple-

menting this 2 × 2 router directly in HLS demands precise scheduling and man-

agement of intermediate signals, to realize a fully pipelined architecture capable of

sustaining maximum input bandwidth under contention-free conditions [53]. How-
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Figure 4.9: An 8 × 8 radix-2 Butterfly Network

(a) Canonical 2 × 2 router (b) 2 × 2 router implemented using the fork-
join design pattern

Figure 4.10: Radix-2 Butterfly 2 × 2 router HLS implementation uses stream-based
decomposition to simplify kernels into having only one input or one output.

ever, this comes at a steep cost to developer productivity. Dedicating months of

engineering effort simply to circumvent HLS toolchain idiosyncrasies renders the

HLS approach fundamentally untenable, resulting in brittle designs that resist fu-

ture architectural modifications.

Instead, we apply our stream-based decomposition approach to restructure

the 2 × 2 router into a modular fork-join dataflow, as illustrated in Figure 4.10b.
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1 void router_1to2 () {
2 [[ intel :: initiation_interval (1) ]] while (1) {
3 auto item = TInPipe :: read ();
4

5 // Get the bit corresponding to the current layer
6 unsigned output_idx = (item.idx >> ( LAYER_IDX * 1)) & 0x1;
7 if ( output_idx == 0) {
8 TOutPipe0 :: write(item);
9 } else {

10 TOutPipe1 :: write(item);
11 }
12 }
13 }

Listing 4.1: Stage 1 of the 2 × 2 router implementation in Altera/Intel HLS
implements the output port dependent fork

In the first stage, each input is steered (forked) into one of two dedicated streams

corresponding to its target output port. The subsequent stage executes a join opera-

tion, merging these decoupled streams at each respective output. This arrangement,

also known as Virtual Output Queueing (VOQ) [87], maps effortlessly to HLS. As

demonstrated in Listings 4.1 and 4.2, our approach requires only concise, highly

readable kernels, in contrast to the verbose codebase reported in [53]. Furthermore,

this technique scales seamlessly to arbitrary-radix routers, facilitating the develop-

ment of diverse and complex network topologies similar to ReConnect.

4.7.3 Configurations

To evaluate ReConnect against our Altera/Intel SYCL HLS [46] implementation

within a unified environment, we constructed the testbench in HLS and imported

ReConnect as a custom RTL library [104]. ReConnect’s native streaming inter-

faces map directly to the ready-valid handshake protocol required by the HLS RTL

wrapper, facilitating seamless integration.

Our evaluation targets a 2-ary 4-fly butterfly network connecting 16 end-
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1 void router_2to1 () {
2 TFlit inFlit [2];
3 bool valid [2] = {false };
4 bool priority = false;
5

6 [[ intel :: initiation_interval (1) ]] while (1) {
7 priority = ! priority ;
8

9 if (! valid [0]) inFlit [0] = TInPipe0 :: read(valid [0]);
10 if (! valid [1]) inFlit [1] = TInPipe1 :: read(valid [1]);
11

12 // Round -Robin priority implementation
13 bool pick0 = valid [0] && (! valid [1] || priority );
14 if (valid [0] || valid [1]) {
15 TFlit writeFlit = pick0 ? inFlit [0] : inFlit [1];
16 TOutPipe :: write( writeFlit );
17 if (pick0) valid [0] = false;
18 else valid [1] = false;
19 }
20 }
21 }

Listing 4.2: Stage 2 of the 2 × 2 router implementation in Altera/Intel HLS
implements the join with Round-Robin arbitration

points via radix-2 routers. For the ReConnect implementation, we evaluate two

configurations: (1) a standard Input-Queued design and (2) a Virtual Output

Queued (VOQ) configuration. This VOQ setup mirrors the architecture shown

in Figure 4.10b, leveraging ReConnect’s configurable routers to establish a strict

iso-throughput comparison against HLS. For the equivalent HLS implementation,

we explore two arbitration strategies: standard Round-Robin and a fixed-priority

scheme that simplifies logic by consistently favoring the first input in case of routing

conflicts.

4.7.4 Experiment Setup

We target the Terasic DE10-Agilex Accelerator Card [126], which hosts an F-Tile

Agilex 7 (AGF014) Speed Grade-2 device. The Agilex 7 card has 487,000 ALMs, 139

83



R C  (VOQ) HLS (Fixed) HLS (RR) R C  (Default)
0.0

0.2

0.4

0.6

0.8

1.0

S
at

ur
at

io
n 

Th
ro

ug
hp

ut

0.98

0.84

0.98

0.72

Figure 4.11: Saturation Throughput across ReConnect (Virtual Output Queued
(VOQ) and default Input Queued) and HLS-based (Fixed Priority and Round-
Robin) Butterfly implementations as a fraction of peak injection rate.

Mb in on-chip SRAM and 4x8 GB off-chip DDR4 memory. Intel oneAPI Compiler

version 2023.2, Quartus Pro 21.2 along with the OpenCL BSP provided by Terasic

are used for HLS compilation, FPGA synthesis, and deployment, respectively. All

the configurations synthesize to 500 MHz, limited by the surrounding logic and

HLS platform’s maximum frequency. Resource utilization is measured in ALMs, the

fabric logic (LUTs and registers) unit in Altera/Intel FPGAs. To evaluate saturation

throughput, the maximum steady-state throughput served by a configuration, we

inject uniform random traffic representative of the aggregation workload.

4.7.5 Results

Figure 4.11 plots the saturation throughput as a fraction of the maximum injection

rate (16 flits/cycle for the 16 endpoints), Figure 4.12 details the normalized resource

utilization, and Figure 4.13 presents the same data as a design space. ReConnect’s

VOQ implementation achieves the exact same saturation throughput as the Round-

Robin HLS design, confirming their equivalence, while consuming 35% fewer re-
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Figure 4.12: Resource utilization across ReConnect (Virtual Output Queued
(VOQ) and default Input Queued) and HLS-based (Fixed Priority and Round-
Robin) Butterfly implementations normalized against ReConnect’s VOQ imple-
mentation.
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Figure 4.13: Throughput vs Resource Utilization Pareto Plot across ReConnect
and HLS-based Butterfly implementations. ReConnect pareto dominates HLS-
based implementations providing a more useful tradeoff between performance and
resource consumption.
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sources. Although the fixed-priority HLS arbitration saves some resources at the

expense of throughput, it remains pareto-dominated by ReConnect’s VOQ con-

figuration. Furthermore, ReConnect offers an alternative pareto-optimal design

point through its default Input-Queued configuration. Requiring only one-third the

resources of the HLS implementation and only half those of ReConnect’s VOQ im-

plementation, this configuration achieves a 26% lower saturation throughput. This

trade-off can be extremely effective in the target aggregation accelerator if, in the

common-case, the CAMs filter even 30% of the incoming traffic, reducing the load

on the NoC to what can be supported by the Input-Queued version.

4.8 Summary

We presented ReConnect, a novel open-source RTL-native NoC generator for the

modern FPGA. ReConnect builds off an updated set of design principles for

FPGA-friendly NoC design, targeting intra-fabric streaming communication pat-

terns, deeper pipelining within and between routers, the larger logic capacity in

CLBs. ReConnect also enables aggressive topology specific optimizations leaning

into FPGAs’ programmability to deliver a significant reduction in resource usage.

Furthermore, to enable seamless framework-agnostic integration with existing ac-

celerator designs, a single highly parameterized router implementation in System

Verilog drives ReConnect’s NoC generation capability. Compared to CONNECT,

ReConnect achieves an improvement of over 9x in NoC throughput powered by a

60% reduction in resource utilization and a simultaneous 30-60% increase in fMAX,

reaching over 550 MHz for mesh-like topologies.

Through our evaluation of ReConnect, we further demonstrated the lim-

itations of HLS in representing complex input-dependent design patterns. For
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all-to-all communication, HLS implementations force a compromise between de-

velopment productivity and hardware efficiency. RTL implementations, such as

ReConnect, offer better reusability and maintainability, while remaining highly-

configurable and seamlessly integrating into existing HLS frameworks. Although

the stream processing paradigm can reduce the HLS implementation effort, the re-

sulting networks are pareto-dominated by ReConnect, with ReConnect exposing

a broader performance-resource tradeoff space, essential for deploying common-case

optimized accelerators on FPGAs.
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Chapter 5

Queueing-based Performance

Modeling, Simulation and

Tuning

Deployment-specific customized instantiations are critical to maximizing resource

efficiency for input-dependent streaming pipelines whose performance varies signifi-

cantly with input workload [11, 12, 22, 127, 128]. FPGAs are uniquely positioned to

accelerate such input-dependent applications, combining inherent programmability

(through reconfiguration) with hardware-class performance and efficiency [31, 125].

Design-space exploration (DSE) tools, central to generating these custom instantia-

tions, rely on models that capture the performance-resource tradeoffs of High-Level

Synthesis (HLS)-based design generators.

In this chapter, we present RapidQ, a systematic approach to modeling

and tuning input-dependent streaming pipelines at deployment time for FPGAs1.
1This work was done in collaboration with Bin Li from Intel Corporation and is set to appear

in IISWC 2026 [129]
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RapidQ leverages the structure of high-performance streaming pipelines in HLS,

to model them as queueing systems [62], where buffers are represented as queues

and processing modules as servers, abstracting the functionality within. We employ

functional software simulation, once per trace, to quantify the load each input data

element generates for every server and the storage space required in the queues. By

abstracting away detailed functional logic while retaining the streaming structure,

the model remains lightweight, operating at the queue-server boundaries without

sacrificing the accuracy needed for performance estimation.

To estimate end-to-end performance, we implement a fast queueing simulator

driven by the RapidQ model. By combining HLS synthesis reports with designer an-

notations, the simulator programmatically converts the functional simulation trace

into precise timing characteristics for each data element for any design configuration.

This approach decouples functionality from timing, allowing a single functional trace

to be reused across iterations to evaluate various combinations of module through-

puts and buffer sizes. By eliminating the need for repeated functional simulation,

RapidQ significantly reduces the turnaround time for design-space exploration.

Lastly, driven by the queueing performance simulation, we develop an auto-

mated tuning flow to identify resource-efficient configurations for input-dependent

streaming pipelines that meet specific throughput targets for a given input work-

load. The exploration space encompasses both buffer sizes and parallelism/unroll

parameters for the streaming modules. We formulate a resource cost function that

normalizes heterogeneous FPGA resources into a unified percentage-area metric.

This enables the tuning loop to efficiently tradeoff module resources against buffer-

ing capacity, minimizing the total resource footprint of the pipeline.

We evaluate our modeling framework and tuning flow using two input-
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dependent streaming pipelines: (1) the 3D Rendering pipeline from the Rosetta

benchmark suite [1] using both provided and synthetically generated traces, and (2)

the Multi-String Matching Pipeline from the Pigasus Intrusion Prevention System

[6], evaluated against real-world network security traces. Our results demonstrate

that RapidQ accurately estimates the performance of the pipelines across diverse

design configurations (within 3% error) while being 7x faster than state-of-the-art

HLS simulators [2, 3] and over 100x compared to RTL simulation. Furthermore,

using our tuning flow, we show that co-optimizing module throughputs and buffer

sizes saves up to 42% in resource footprint compared to baselines that tune these

parameters in isolation.

5.1 Background and Motivation

5.1.1 Input-Dependent Performance

Consider the computation in dense matrix multiplication. For a fixed matrix size,

the datapath’s operations and control flow remain entirely deterministic, regard-

less of the matrix values. A performance model for finding the optimal tiling con-

figuration for a matrix multiplication accelerator can be expressed analytically in

closed-form, simplifying design-space exploration.

In contrast, deriving performance and optimizing resource efficiency for

input-dependent designs is non-trivial. Consider the 3D Rendering pipeline from

the Rosetta benchmark suite [1], as shown in Figure 5.1. The pipeline processes

a stream of triangles through input-dependent rasterization (R) and zculling (Z)

modules. For typical triangle sizes, module R has lower throughput than Z, ensuring

Z is not the bottleneck. However, a burst of small triangles can quickly overwhelm

module Z, stalling the pipeline. While increasing buffer capacity can absorb short
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Figure 5.1: Performance of 3D Rendering from the Rosetta benchmark suite [1]
varies with input triangle size. The tradeoff between module throughput and buffer
size for resource efficiency is not trivial.

bursts, a longer burst might be better served by increasing module parallelism

to meet the target frame rates. Hence, performance is dictated by many factors,

such as the distribution of incoming triangle sizes, how the distribution changes,

and the relative hardware costs of compute modules versus buffering. Composing

these kernels in a streaming pipeline further compounds the complexity, creating

a tightly coupled, multi-dimensional design space. The time-varying nature of

input-dependence and its coupling across pipeline stages can no longer be expressed

in a simple closed-form analytical model, necessitating simulation.

5.1.2 Related Work

Simulation is essential for estimating the performance of input-dependent appli-

cations for design-space exploration (DSE). For FPGA designs written natively

in RTL, this necessitates RTL simulation. While RTL simulation provides cycle-

accurate performance estimates, it is extremely slow due to the detailed bit- and

cycle-level nature of the event-driven execution, hampering DSE as shown in Fig-

ure 5.2a. For large traces, synthesizing the design and executing it directly on
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(a) DSE is bottlenecked by lengthy RTL
Simulations in the exploration loop.
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(b) Repeated functional simulations as part
of the exploration loop remains the bottle-
neck for tools like FIFOAdvisor [61].

Figure 5.2: Prior work has shown significant speedups compared to RTL simulation-
based approaches by decoupling performance simulation from functional evaluation
of workloads for HLS implementations of input-dependent designs. However, re-
peated functional simulations make the approach unscalable to large real-world
workloads.

the FPGA can sometimes be faster, provided that sufficient observability is main-

tained through hardware instrumentation [130]. To tackle the bottlenecks of RTL

simulation, many prior works have developed HLS-based DSE tools targeting input-

independent designs with static, model-based techniques [55–59]. However, very few

frameworks address the unique challenges of performance estimation and tuning for

input-dependent dataflows and streaming pipelines.

REFINE [60] is a runtime execution-based approach that uses hardware in-

strumentation to monitor stalls directly on the FPGA. Using partial reconfiguration-

based incremental compilation, REFINE accelerates synthesis for iterative tuning

while extracting accurate performance metrics directly from the FPGA. However,

even with faster compiles and a search space limited to module throughput parame-

ters, the tuning process requires hours in the best-case scenario. Our performance

model captures input-dependent behavior without the need for full RTL deployment,
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Figure 5.3: Leveraging the structure in input-dependent streaming pipelines repre-
sented in HLS, RapidQ aims to isolate functional characterization of the workload
from the DSE loop and make performance simulation faster using a higher-level
queueing-based abstraction.

significantly reducing iteration time. We directly compare our approach against

REFINE using the input-dependent 3D Rendering benchmark from the Rosetta

benchmark suite [1].

Our simulation and tuning flow shares similarities with the decoupled ap-

proach of LightningSim [2, 131], which separates trace generation from fast perfor-

mance simulation. LightningSim is powerful, capable of automatically estimating

the performance of existing HLS designs with near-cycle accuracy (close to 100%),

significantly shortening the feedback loop for DSE in the design phase as shown in

Figure 5.2b. FIFOAdvisor [61] uses LightningSim estimates to tune buffer sizes,

but has limited simulation scalability. Real-world workloads [6] are often orders of

magnitude longer than the small testbench inputs typically used.

In our work, we assume a high-performance parameterized pipeline has al-

ready been designed and focus on tuning it across diverse input workloads rather than

achieving cycle-accuracy. Figure 5.3 illustrates the two primary design goals that
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follow from this approach. First, RapidQ makes simplifying assumptions about the

structure of the compute kernels in the pipeline, enabling the decoupling of func-

tional characterization of the input workload from the configuration sampled in the

DSE loop. Second, to accelerate performance simulation, our queueing abstraction

offers a more scalable solution, trading off minor accuracy losses for significant gains

in simulation speed by restricting modeling to packets at the stream boundaries.

Furthermore, unlike brief testbench traces, we observe that real-world work-

loads exhibit significant time-varying behavior, such as burstiness across modules in

input-dependent streaming designs, as illustrated with the 3D Rendering example

in Section 5.1.1. Under these dynamic conditions, tuning buffer sizes in isolation

while modules remain under-provisioned can result in excessive memory usage and

a resource-inefficient design; tuning only modules can be equally inefficient. Our

approach takes a step further by co-tuning both module throughputs and buffer

sizes in contrast to REFINE, which tunes only modules and FIFOAdvisor and other

works [132, 133], that tune only buffers for performance or deadlock avoidance.

While [134] advocates for similar co-tuning, their work focuses on preventing stalls

in synchronous dataflow (SDF) models. They assume constant throughput through

buffers and depend on static analysis to target data-independent workloads. We

argue that co-tuning is essential to preventing resource inefficiency arising due to

time-varying loads (or bursts) in input-dependent streaming pipelines, by exploring

the tradeoff between throughput and buffer sizing.

5.2 RapidQ Performance Model

Inspired by queueing-theoretic analysis of computer systems [38, 39, 62], we develop

the RapidQ framework to model input-dependent streaming pipelines on FPGAs.
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In this section, we introduce the three primary components of the RapidQ per-

formance model and detail how they address hardware-specific challenges: (1) the

Timing Model captures the static HLS schedule independent of the workload; (2)

the Workload Model converts the input data trace into an abstract load representa-

tion for each server, agnostic to throughput configurations, which together with the

workload model provides per-kernel timing for each input packet; and (3) the System

Queueing Model represents the dataflow graph structure of the pipeline, translating

the per-kernel timing into end-to-end performance.

5.2.1 Server Timing Model

Calculating accurate timing through each server requires a thorough characteriza-

tion of the kernel’s underlying microarchitecture. Typically, the complex, input-

dependent behavior of streaming kernels dictates that detailed RTL simulation or

HLS scheduler analysis be performed to extract timing metrics for every new con-

figuration. However, the design patterns introduced in Chapter 2 impose structure

on these input-dependent streaming computations, significantly simplifying charac-

terization.

Specifically, decoupling input-dependence from the core parallelizable com-

pute, making the kernel amenable to statically scheduled HLS, yields a standardized

implementation pattern as shown in Listing 5.1. The core inner loop is pipelined,

iterating over the input stream to perform input-independent parallel processing on

a per-flit basis. The parallelism and resource utilization of the kernel are in turn

controlled by the UNROLL parameter of the innermost for loop processing elements

within each flit. An optional outer loop handles packet-level operations, executing

exactly once per packet regardless of the packet’s total flit count. Under this struc-
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1 while (true) {
2 // Optional per - packet logic
3 while (! eop) {
4 // Can read from multiple streams
5 in_flit_t in_flit = in.read ();
6

7 out_flit_t out_flit ;
8

9 # pragma unroll
10 for (int i = 0; i < UNROLL ; i++) {
11 // Do some parallel processing
12 }
13

14 // Can write to multiple streams
15 out.write( out_flit );
16 }
17 }

Listing 5.1: Parameterized streaming HLS kernels decoupled for input-dependence
follow a standard parallelizable design pattern enabling analytical modeling of per-
kernel timing independent of the input workload.

ture, input-dependence manifests primarily as variation in packet length (flits per

packet) across the workload.

Based on this template, the inter-packet delay can be modeled as:

α + nβ

where n is the number of flits in a packet, β is the inner loop’s per-flit inter-iteration

delay (also called Initiation Interval or II) and α is the fixed inter-packet over-

head. This formulation directly mirrors classical communication cost models in

distributed computing because both paradigms process packetized data through

pipelined streaming resources. The fixed overhead α is analogous to the message

startup latency, the flit count n corresponds to the payload size, and the per-flit

delay β represents the reciprocal channel throughput (service time per flit).

Ideally, high-performance streaming kernels are designed to be fully pipelined
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with no inter-packet overhead (α = 0, β = 1), achieving maximum throughput.

Under these ideal conditions, the cycle delay scales linearly with the number of flits

per packet (n). In practice, however, memory dependencies can introduce latency

overheads. For example, the zculling module from the 3D Rendering example has

a Read-After-Write dependence on an internal memory buffer between consecutive

triangles (packets). This loop-carried dependency prevents pipelining of the loop

over packets, introducing a fixed cycle penalty (α) per triangle. While this overhead

is amortized over large triangles with high flit counts, it becomes the dominant

performance bottleneck for small triangles. Hence, explicitly incorporating α into

the timing model is essential for accurate performance estimation across diverse

workload traces.

5.2.2 Workload Model

The workload model characterizes n from the timing model to calculate the per-

packet delay through kernels in the streaming pipeline. A key requirement for the

workload model is parameter independence: the ability to translate the model into

timing information for all module throughput combinations with a single model

representation. This is straightforward for most modules where the number of flits

per packet is governed directly by the UNROLL parameter and can be simply cal-

culated by dividing the number of flits by the UNROLL factor. For example, the

rasterization module shown in Figure 5.1 processes a triangle’s bounding box a fixed

number of pixels at a time. The model can dynamically calculate the cycle count

per triangle for any given UNROLL factor without requiring re-simulation using the

total bounding box size as the baseline number of flits.

Irregular Parallelism and Sparsity. Sparsity, however, prevents this translation
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Figure 5.4: Sparsity histogram for 3D rendering. Large triangles benefit from higher
unrolling which increases sparsity for smaller triangles.

from a single number into number of flits for all possible configurations. In the

zculling module of the 3D Rendering pipeline, the number of pixels per row varies

both within and across triangles. However, efficient parallel hardware requires that

a fixed aligned width of pixels be accessed every cycle to allow banking. This leads

to wasted computation for invalid padding pixels within an aligned input element,

which we characterize as intra-element sparsity.

This sparsity is an intrinsic overhead of mapping irregular parallelism to

regular spatial hardware as described in Chapter 2, and ignoring it leads to signif-

icant modeling inaccuracies. For example, processing 16 valid pixels might require

multiple cycles even with an unroll factor of 16 if the pixels are fragmented with

50% sparsity, rendering any unrolling beyond 8 ineffective. We capture this sparsity

explicitly using a histogram of the Number of Non-Zero elements (NNZ) along the

parallelism dimension, tracked up to the maximum UNROLL factor in the search

space (an example is shown in Figure 5.4). Using this histogram, the effective load

for a particular unroll factor is calculated as:

Load =
Max Unroll∑

i=0
h[i]

⌈
i

Unroll

⌉
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Figure 5.5: A queueing system with two servers and queues in a chain modeling
the input-dependent system from Figure 5.1. Queues and servers form the central
building blocks of queueing systems.

5.2.3 System Queueing Model

Lastly, the system queueing model captures the end-to-end performance of the

streaming pipeline, modeling the queueing behavior arising from inter-packet and

inter-kernel interactions. The queueing model is composed of two fundamental prim-

itives: servers, which represent hardware processing kernels, and queues, which

model the interconnecting buffers. Figure 5.5 illustrates this mapping applied to

the example in Figure 5.1. This graph of queues and servers captures the complex

interaction between various input-dependent dimensions while decomposing the de-

sign space into smaller subspaces around each server, making systematic exploration

tractable. The queueing model is also highly flexible, allowing the building blocks

to represent complex input-dependent design structures such as early-exit patterns

and forks in the dataflow graph. Time-varying behaviors, especially workload bursti-

ness, are implicitly modeled in the transient dynamics between queue occupancy and

server processing rates, effectively estimating pipeline stalls and backpressure.

5.3 RapidQ Simulator

The queueing model serves as the performance abstraction for capturing the

performance-resource tradeoffs of input-dependent pipelines. However, analytically

deriving performance of complex queueing systems, especially with trace-defined
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1 // Instantiate components
2 initiator = new server_source (" initiator ", "trace.csv");
3 fifo_1 = new fifo(" fifo_1 ");
4 raster = new server (" rasterization ");
5 fifo_2 = new fifo(" fifo_2 ");
6 zcull = new server (" zculling ");
7 target = new sink(" target ", " -1");
8

9 // Bind sockets to build system
10 initiator -> socket .bind(fifo_1 -> target );
11 fifo_1 -> initiator .bind(raster -> target );
12 raster -> initiator .bind(fifo_2 -> target );
13 fifo_2 -> initiator .bind(zcull -> target );
14 zcull -> initiator .bind(target -> socket );

Listing 5.2: Example two server system in the RapidQ Simulator which can model
the example from Figure 5.1

distributions, is often mathematically intractable even with significant approxima-

tions [135]. We opt for a simpler discrete-event simulation approach driven by the

queueing model.

We implemented our RapidQ simulator using SystemC’s Transaction Level

Modeling (TLM) framework [136, 137]. As a C++ extension, the TLM infras-

tructure facilitates the modular construction of a library of queueing components to

express any input-dependent streaming pipeline based on its system queueing model.

To accelerate execution, the RapidQ simulator operates on simulation packets: con-

structs that can aggregate the behavior of multiple data elements. By decoupling

simulation packets from the packets in the hardware design, the simulator maintains

flexibility in accurately capturing fine-grained input-dependent dynamics. Table 5.1

lists all the modules available in the simulator library. Listing 5.2 shows the queueing

system from Figure 5.5 as written using the simulator library.

The simulator supports a trace-driven mode in which the source module can

be customized per application to pull data from the workload model. The source
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Table 5.1: Modules available in the RapidQ Simulator library. The first set of
modules are sufficient for a linear pipeline.

Module Function

server server with one input and output socket; processes one packet at a time
fifo queue; holds packets up to the specified capacity before backpressuring

source generates packets using trace or distribution
sink server without an output socket

fork steers packets from one input to many outputs
merge multiplexes packets from multiple inputs to a single output

replicate copies packets from one input to many outputs
fusion_server server with multiple inputs; produces one output packet after consuming

one packet from each input

module is responsible for translating the contents of the trace into per-module timing

for each packet based on the module’s timing model. These parameters are stored

in the packet object that each module probes to calculate its decision and delay

variables using the parameters corresponding to itself. For example, for the system

in Figure 5.1, the trace would consist of entries such as (x, [y0, y1...]), where x is the

number of pixels in the bounding box for the rasterization module and y captures

the sparsity histogram in the input to the zculling module. The trace-driven mode

can be mixed with timing-dependent behavior, such as capacity-dependent overflow

in forks, which cannot be captured in a functional simulation trace.

The simulator also features a rich set of extensions to collect metrics from

its queue and server modules. The modules are equipped to record all events neces-

sary to calculate relevant statistics, such as latency of packets and max occupancy

through a queue.
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Figure 5.6: RapidQ Workflow

5.4 Model and Workload Capture

The first step of the RapidQ approach involves capturing the input-dependent

streaming pipeline and workloads using the performance model described in Section

5.2. This modeling flow is a one-time effort per application design and is amortized

over multiple tuning runs, enabling designers to build a reusable deployment-time

tuning infrastructure for their high-performance input-dependent streaming FPGA

pipeline. In this section, we describe the steps to model an application using RapidQ.

5.4.1 Model Capture

Our system queueing model has a one-to-one correspondence with how streaming

pipelines are implemented in HLS, where streams or pipes representing FIFOs con-

nect processing modules. This allows a direct translation of an HLS graph into

our queueing model, but it can lead to the inclusion of input-independent mod-

ules, such as compaction used for sparsity (Section 2.2.3), which are superfluous

to the performance model. We leverage the designer’s insights into their design to

prune unnecessary or redundant sections from the model and merge overly detailed

hierarchies, thereby improving simulation speed. The resulting model is readily im-
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plemented in the RapidQ simulator using the building blocks described in Section

5.3.

Model capture must also account for the timing model (α and β parame-

ters from Section 5.2.1) for modules that might not be fully pipelined, for example,

due to memory dependency issues. This scheduling information is available in HLS

synthesis reports and may also vary between different unroll factors. During the

implementation of the RapidQ simulation, the designer must explicitly encode this

latency to correctly translate the load presented by the trace into precise timing de-

lays. This characterization step incurs minimal overhead: HLS synthesis completes

on the order of seconds to minutes, only needs to be run once per design, and can

be parallelized across individual kernels.

5.4.2 Workload Capture

Since RapidQ operates at the boundaries of buffers and modules, instrumenting

the design, especially using HLS, requires very minimal design modifications. As

discussed in Section 5.2.2, the goal is to quantify the number of flits generated by

each packet in all components of the model. This can be achieved by instrumenting

buffers within the functional software simulation to extract relevant counts (e.g.,

pixel counts for rasterization). This instrumentation is not synthesized, making it

transparent to the rest of the HLS and FPGA implementation flows.

To model sparsity accurately, we must extract a histogram of valid elements

within a data element. To support the full design space of parameters, functional

simulation must be parameterized to the maximum possible UNROLL factor for

each module. This captures the full resolution of sparsity information, which can

then be translated into the effective load for a specific UNROLL configuration in
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the simulator.

5.5 Tuning for Resource Efficiency

The goal of the tuning flow is to enable users of input-dependent streaming pipelines

to generate a resource-efficient configuration that meets the throughput performance

target for their input workload. Unlike model capture, which is a one-time charac-

terization per design, the tuning flow must be repeated for each unique deployment

context, such as a new input workload, a different FPGA device or performance tar-

get. To this end, we developed a fully automated tuning flow built on the RapidQ

performance model. The flow rapidly co-tunes buffer sizes and module throughputs,

with resource minimization as the objective.

In the rest of this section, we first formally define an application config-

uration. We then describe the resource cost function used to evaluate candidate

solutions and, lastly, the iteration strategy used to traverse the search space.

5.5.1 Design Configuration

As described in Section 2.4.2, modules in streaming dataflow pipelines typically

perform simple parallelizable computations. Reflecting this structure, the RapidQ

performance model exposes two primary configuration parameters per server-queue

pair: a throughput configuration parameter (unroll factor) and a buffer depth pa-

rameter. We exclude parameters that alter the application’s functionality. Such

changes would invalidate the existing workload model, effectively constituting a

new design that must repeat workload capture.

104



5.5.2 Resource Model

Modern FPGAs are composed of a heterogeneous mix of resources comprising logic

modules (Look-up tables and flip-flops), On-Chip SRAM and DSP blocks [102].

Co-tuning buffers and modules requires a unified cost function that combines these

resources into a single value.

For this work, we define the resource cost as the sum of normalized utilization

fractions/percentages of each resource type. Normalization is performed against the

maximum availability of each resource type on the specific target device, allowing the

metric to adapt to the varying mixes of different FPGA families. The optimization

objective is then to minimize the sum of these fractions, subject to the constraint

that no individual resource type exceeds the device limits:

Cost = flogic + fSRAM + fDSP < 3

flogic < 1, fSRAM < 1, fDSP < 1

Streaming Module Resources

Although our tuning methodology is orthogonal to the specific resource model, in

this dissertation, we adopt a first-order compositional approach [138] that aggre-

gates individual module estimates, to avoid repeated full-system HLS runs. We

use pre-characterized HLS resource estimates for individual modules across their

throughput parameterization spaces. Since the primary objective of the tuning

loop is to explore the tradeoff between buffering and module throughputs in input-

dependent pipelines, estimation accuracy is secondary to capturing correct scaling

trends. These estimates are collected offline and do not directly impact tuning time.
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Figure 5.7: Sub-designs tuned when using greedy front-to-back tuning for a dataflow
directed acyclic graph with branches

Calculating Buffer Resources

In the target Altera FPGA architecture that we use in this work, FIFOs are imple-

mented using either logic resources for shallow depths (≤32) or dedicated on-chip

SRAMs for larger capacities. To avoid the complexity of heterogeneity with buffer

resource modeling and the relative abundance of logic resources, we ignore the re-

source consumption of logic buffers, similar to FIFOAdvisor [61]. The M20K SRAM

resource usage is calculated based on the supported aspect ratios (1024×20-bit or

512×40-bit):

#SRAM = min

⌈Width/40⌉⌈Depth/512⌉,

⌈Width/20⌉⌈Depth/1024⌉


5.5.3 Greedy Front-to-Back Tuning

Co-tuning buffers and module throughput exposes a broad design space. An un-

structured exploration of this space for real-world workloads can be computationally

intractable despite the enhanced simulation agility provided by RapidQ. We observe

that, in dataflow directed acyclic graphs, the throughput capacity of a particular

stage (server-queue pair) is independent of downstream performance. While down-

stream bottlenecks can create backpressure, they cannot be alleviated by changing

the configuration of the upstream stages.
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Hence, we structure our design-space exploration (DSE) to operate front-

to-back, greedily tuning each stage to be resource minimal before proceeding to

the next. All upstream stages are fixed in their tuned configurations when tuning a

particular stage, ensuring that the simulation accurately captures the arrival process

into the stage, as shown in Figure 5.7.

Per-Stage Tuning

With a more manageable design space for each stage, the search for the optimal

resource configuration requires fewer iterations. We opt for a heuristic approach to

optimization prioritizing simplicity over efficiency to showcase the effectiveness of

our modeling approach and tuning goals (advanced optimization strategies are left

to future work). Our flow for each stage follows these steps:

1. Establish Worst-Case Throughput. We first determine the upper bound for mod-

ule throughput that satisfies the throughput target given a minimum-sized buffer.

We increase the buffer size until we can meet the throughput for the widest mod-

ule if minimum buffering fails.

2. Iterate Module Throughput. We reduce the module throughput to its next lower

configuration. For each value, we test the feasibility with an unbounded buffer,

then use binary search to identify the minimum buffer size needed to meet the

target throughput.

3. Cost Minimization. We repeat Step 2, evaluating the resource cost for each valid

configuration. The search stops when the configuration becomes infeasible or

when the resource cost strictly increases.
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Backpressure Propagation

An alternative simpler strategy is to conservatively over-provision each buffer-

module pair to isolate backpressure locally at each stage (as seen in [139] for

microservices). Our front-to-back tuning relaxes this strict isolation, allowing

a stalled downstream stage to leverage unoccupied upstream buffers, effectively

exploiting existing resources when upstream stages are not stressed by the same

input conditions. If this cascading backpressure ultimately induces an upstream

overflow, the tool increases the local buffering of the responsible downstream stage.

This approach accurately provisions the pipeline to handle complex congestion

propagation while avoiding the inefficiency of rigid over-provisioning.

5.6 Application Studies

In this work, we test our abstraction and flow on the 3D Rendering application from

the Rosetta benchmark suite [1], and a Multi-String Matching pipeline from a real-

world network security application, Pigasus [6]. These benchmarks were selected to

present unique modeling challenges that rigorously stress our simulation and tuning

flow. In this section, we characterize the application models, their input workloads,

and the tuning objective.

5.6.1 3D Rendering Benchmark

The 3D Rendering application processes a stream of 3D triangles per frame and

projects the geometry onto a 2D plane, subject to real-time frame rate constraints.

The pipeline, previously introduced in Figure 5.1, consists mainly of two input-

dependent modules: rasterization and zculling. Input dependence in this workload

arises from two sources: sizes and shapes of triangles (which dictate the number of
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pixels generated) and the number of triangles per frame.

While structurally simple (Figure 5.5), this benchmark evaluates our flow’s

ability to model the intricacies of memory-dependence-induced latency overhead in

the zculling module and input sparsity (Section 5.2). The design space is constrained

to a single unroll parameter that governs the parallelism of both modules. Tuning

focuses primarily on the zculling buffer, since the rasterization buffer is negligible

due to the data expansion nature of the stage (triangles to pixels). Furthermore,

because the module logic is light on resources, the design is highly sensitive to buffer

sizing, where excessive buffering can rapidly dominate the total area cost.

Traces. As the original benchmark suite ships with only a single trace, we generated

a set of synthetic traces to evaluate robustness. These traces introduce bursts of

small triangles of varying lengths into the original trace to emulate realistic high-

stress rendering scenarios. All traces are normalized to process the same total

number of pixels to ensure fair performance comparison.

5.6.2 Multi-String Matching

We evaluate the Multi-String Matching pipeline derived from the FPGA portion of

Pigasus [6] previously described in Chapter 3, a representative real-world workload

targeting a 100 Gbps line rate. The pipeline consists of three filtering stages: (1)

Fast-Pattern Matcher (FPM), (2) Header Matcher (HM), and (3) Conjunct Pattern

Matcher (CPM). The feasibility of this application on FPGAs strongly hinges on

its input dependence which is ingrained in the pipeline, as shown in Figure 5.8 with

each server-queue pair having its own unroll and buffer sizing parameter.
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Figure 5.8: RapidQ Performance and Simulation model for the Input-Dependent Streaming Pipeline of Multi-String
Matching
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Figure 5.9: Percentage of input traffic entering each stage in the string matching
pipeline for different traces.

Although the design is fully pipelined, it exhibits many input-dependent

design patterns, such as early-exit and compaction stages which densify sparse el-

ements in the streams. The dominant resource consumers are the two hash check

stages (which utilize both logic and memory) and the rule lookup compactors in-

side the FPM (which are logic intensive). Strategically buffering bursts for these

modules can significantly save on the pipeline’s resource consumption, compared to

over-provisioning the compute.

Traces and Rulesets. We use the publicly available Snort Registered Ruleset

(snapshot-29141) [140] as in Pigasus [6]. We also use the same set of Stratosphere

traces [141] to allow for direct comparisons: CTUMixed-Capture-1–5, CTU-Normal-

7, and CTU-Normal-12. We refer to them as mixed-1–5, normal-7, and normal-12,

respectively.

Observing Input Data-Dependence. Using the traces for multi-string matching,

we can directly observe the input-dependent behavior that is a motivation for this

work. The traces each have a different mix of malicious and benign flows, and this

difference in the fraction of malicious flows directly affects packet traffic between
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Figure 5.10: Percentage of input traffic entering different stages in the string match-
ing pipeline for mixed-5 plotted against time

stages, as shown in Figure 5.9. Figure 5.10 plots the same traffic percentages, but

over the duration of the mixed-5 trace. It shows that even though on average about

15% of the traffic entered the CPM stage, when seen over time, the rate of traffic is

bursty. Tuning the modules for this trace with minimal buffers would lead to over-

provisioning to the worst-case, and misconfigured module throughputs can require

extremely large buffers that could exceed the FPGA SRAM capacity.

5.7 Evaluation

In this section, we characterize and evaluate the RapidQ simulation and tuning

framework. We show that:

1. RapidQ’s model-based simulation achieves high accuracy while providing a

speedup of over 7x compared to state-of-the-art cycle-accurate simulators.

2. By co-tuning module throughputs and buffer sizes, our flow generates resource-

efficient designs for diverse input traces, saving up to 42% in resources compared

to tuning either parameter in isolation.
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Figure 5.11: Simulation accuracy for the 3D Rendering pipeline for traces with
different sized triangles when compared against FPGA execution with varying con-
figuration parameters

5.7.1 Experiment Setup

We target the Terasic DE10-Agilex Accelerator Card [126], which hosts an F-Tile

Agilex 7 (AGF014) Speed Grade-2 device. The Agilex 7 card has 487,000 ALMs, 139

Mb in on-chip SRAM and 4x8 GB off-chip DDR4 memory. Intel oneAPI Compiler

version 2023.2, Quartus Pro 21.2 along with the OpenCL BSP provided by Terasic

are used for HLS compilation, FPGA synthesis, and deployment, respectively. The

simulation is run on a workstation equipped with an Intel i9-13900K processor and

128 GB DDR4-3600 memory.

5.7.2 Simulation Accuracy

While Multi-String Matching consists of fully pipelined modules, the 3D Rendering

pipeline presents a more rigorous modeling challenge due to its complex HLS sched-

ule. We validate our simulated performance using both the standard benchmark

trace and a synthetic small triangles trace (Figure 5.11). Our simulation tracks

FPGA execution very closely, with a worst-case underestimation of less than 3%

for the small triangles trace. The effect of the memory-dependence latency penalty
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Figure 5.12: Simulation frequency across applications and traces compared to state-
of-the-art HLS simulators (LS Inc: LightningSim [2] Increment Mode, OS MT:
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can be seen for the small triangles, which worsens with the unroll factor due to

deeper inner-loop pipelining. We also illustrate the effect of omitting sparsity mod-

eling (Section 5.2.2), which leads to significant accuracy degradation and a severe

underestimation of the runtime.

5.7.3 Simulation Speed

Figure 5.12 quantifies simulator performance (measured in simulated cycles per sec-

ond) across applications and traces. Despite being single-threaded, RapidQ achieves

simulation speeds within two orders of magnitude of native FPGA execution. 3D

Rendering, being a small design, achieves higher simulation speeds, although the

overhead of processing many small packets in the small triangles trace reduces

efficiency. RapidQ maintains consistent simulation performance for Multi-String

Matching, despite being a large design, across all traces regardless of input com-

plexity.

We compare RapidQ against two state-of-the-art simulators: LightningSim
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(Incremental) [2] and OmniSim (Multi-Threaded) [3] for their fastest (best-case)

real-world application simulation (FlowGNN GIN [72]). To ensure a rigorous com-

parison, we isolate the execution time of the core simulation by excluding the one-

time functional tracing cost common to all three methodologies. RapidQ’s worst-

case execution achieves over a 7x speedup compared to the best-case performance

of these baselines, effectively exchanging a minimal loss in accuracy for significantly

faster tuning iterations. This comparison confirms that RapidQ’s performance gains

are directly attributable to its lightweight queueing abstraction, which substantially

lowers the computational burden of simulation.

5.7.4 Tuning

We apply our tuning flow to identify the resource-optimal configuration that meets

the throughput targets for each trace. All results are verified by synthesizing and

executing the configurations on the FPGA. We benchmark our co-tuning approach

against two baseline strategies found in prior work:

• Fixed Module tunes only buffer sizes while keeping module throughputs constant,

similar to FIFOAdvisor [61].

• Minimum Buffer tunes only module throughputs while setting buffers to their

minimum, similar to REFINE [60].

3D Rendering

Figure 5.13 shows the resource consumption for the tuned configurations of the 3D

Rendering pipeline. For traces with long bursts, the Fixed Module approach either

violates the throughput target or results in excessive, resource-inefficient buffering.

The Minimum Buffer approach is overly conservative even for short bursts, selecting
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Figure 5.13: Tuning results for 3D Rendering across varying burst lengths of small
triangles comparing RapidQ with baseline approaches

high-throughput module configurations rather than utilizing cheaper buffer capacity.

RapidQ achieves optimal balance, scaling both module throughputs and buffer sizes

to find the true resource-optimal configuration for every trace. Moreover, RapidQ

converges within seconds, in contrast to the hours required by runtime execution

approaches like REFINE [60].

Multi-String Matching

We see similar trends for the string matching pipeline in Figure 5.14. For the Fixed

Module baseline, we utilized module throughputs derived from trace mixed-5. Traces

mixed-1, 3 and 4 direct a larger fraction of traffic into the CPM stage of the pipeline,

requiring more buffering than SRAM available on the FPGA, rendering the design

invalid when using the Fixed Module approach. For lighter traces (normal-7 and

12), this design is severely over-provisioned.

The Minimum Buffer approach defaults to provisioning modules for the worst

case in all the traces since each of them has at least a short burst of malicious traffic,

resulting in consistently high resource usage. Our RapidQ approach, by co-tuning
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Figure 5.14: Tuning results for the Multi-String Matching pipeline across the Strato-
sphere traces comparing RapidQ with baseline approaches

module throughputs and buffer sizes, yields up to 42% resource savings. For normal-

7 and 12, a small increase in buffering absorbs their shorter bursts of malicious traffic,

allowing significantly reduced module throughputs and substantial area savings.

5.8 Discussion

5.8.1 Factoring Model Development Time

RapidQ incurs a one-time model creation overhead of 2 to 3 hours, which is amor-

tized over the design’s lifetime, covering subsequent updates that do not necessitate

full remodeling. The consequence of this investment is that RapidQ achieves a sig-

nificant reduction in per-trace optimization runtime to under 45 minutes, compared

to over 5 hours for performance models like LightningSim, or multiple days for RTL

simulation. In this section, we present a breakdown of these time requirements.
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Tuning Time

The time required for each automated tuning run is calculated as:

N ×
(

L × fF P GA

fsim

)

where N is the number of tuning iterations, L is the trace length (in FPGA runtime)

and fF P GA and fsim are the FPGA and simulation frequencies, respectively. On

average, tuning runs require ∼50 simulations (8 iterations × 6 stages). Assuming

L = 100 ms (derived from normal-7) and fF P GA = 400 MHz, we can calculate

the runtime using fsim values from Figure 5.12. LightningSim requires 5.7 hours,

whereas RapidQ completes the full pipeline simulation in under 45 minutes. Notably,

applying our front-to-back strategy reduces RapidQ’s time by nearly an additional

50%.

Model Development Time

The initial model development is split into three steps:

1. Streaming Graph Capture: Rewriting the streaming module graph using

RapidQ’s SystemC simulator primitives (Figure 5.2). For even an applica-

tion as large as string matching, this takes only minutes.

2. Timing Capture: Extracting initiation intervals from each module’s HLS loop

analysis report, requiring roughly 10 to 20 minutes.

3. Trace Capture: Instrumenting HLS streams to log per-packet data at design

boundaries and translating the output for the simulator, taking approximately 2

hours.
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Altogether, the total model development time takes well under 3 hours, showing that

RapidQ is overall faster than LightningSim even when tuning for a single trace, with

the speedup compounding as the model development time is amortized across multiple

traces.

5.8.2 Expert Designer Fallacy

It might be tempting to conclude that the expertise required to construct the Server

Timing Model (Section 5.2.1) renders RapidQ’s analysis and tuning capabilities re-

dundant. While developing high-quality, parameterized modules and composing

them into a streaming pipeline certainly demands a deep understanding of the com-

putation, RapidQ is not intended to assist with this initial development or debugging

phase. Instead, its value becomes apparent when the challenge shifts significantly at

deployment. Even an expert designer cannot statically determine the optimal pa-

rameter configuration without characterizing the eventual deployment conditions.

The complex, input-dependent interactions within a streaming graph under various

input workloads are not easy to reason about unaided, despite a thorough under-

standing of each individual module. RapidQ addresses this gap by allowing designers

to construct a performance model once and ship the tuning framework alongside their

parameterized design, thereby enabling rapid, case-by-case tuning for any current or

future workload.

5.8.3 Tuning Strategies

RapidQ’s performance abstraction is entirely decoupled from the specific optimiza-

tion technique applied during tuning. In this work, we presented a front-to-back tun-

ing strategy as a concrete demonstration of how RapidQ achieves resource savings
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for cycle-free pipelines. However, RapidQ’s queueing-based approach is sufficiently

general to model more complex graph structures (like cycles) and design constraints

while preserving its high-level abstraction. When paired with our rapid simulation

framework, RapidQ opens up avenues for future work to develop more comprehen-

sive tuning strategies across a broader class of streaming pipelines, unencumbered

by lengthy simulation turnaround times.

5.8.4 Modeling Automation

Although we perform modeling manually in this work, integrating the steps as an

add-on to an existing HLS toolflow is limited to engineering effort. Since RapidQ

mimics the streaming HLS model of pipeline construction, task graphs can be parsed

to generate simulation topology, and stream wrappers can automate workload ex-

traction. The key challenge lies in identifying the appropriate HLS scheduling re-

ports to guide timing characterization. Using compiler IR [2] can add unnecessary

detail to our lightweight model. A practical alternative could be to measure module

latencies via a targeted RTL simulation on small sample inputs.

5.9 Summary

We introduced RapidQ, a comprehensive framework for performance modeling, sim-

ulation, and rapid tuning of input-dependent streaming pipelines on FPGAs. By

modeling streaming dataflow computations as queueing networks, RapidQ enables

FPGA accelerator designers to generate a lightweight representation that accelerates

performance simulation by over 7x compared to state-of-the-art cycle-accurate HLS

simulators and over 100x compared to RTL simulation. Our methodology decouples

workload capture from timing analysis, enabling a single functional simulation trace
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to drive the evaluation of a vast design space without re-execution. Empowered

by this agility, our holistic automated tuning flow co-optimizes module throughputs

and buffer sizes, achieving resource savings of up to 42%.
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Chapter 6

Conclusion

The primary objective of this dissertation was to broaden the scope of hardware

acceleration to encompass input-dependent streaming applications utilizing Field-

Programmable Gate Arrays (FPGAs). In the current era of architectural special-

ization, custom hardware is essential for achieving cost-effective and scalable per-

formance. However, traditional hardware platforms, such as Domain-Specific Accel-

erators (DSAs), lack the flexibility necessary to support the dynamic performance

demands of common-case optimized applications. While FPGAs offer a superior

tradeoff between programmability and hardware-level efficiency, their adoption has

been constrained by rigid toolchains oriented toward the static design flows typ-

ical of DSAs. To overcome these limitations, this dissertation proposed a sys-

tematic methodology for representing input-dependent streaming applications as

configurable High-Level Synthesis (HLS) design templates, coupled with a novel

performance abstraction that facilitates rapid design-space exploration.

The first part of this dissertation enables the development of configurable

design templates in HLS for representing input-dependent streaming applications.
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HLS language features such as preprocessor directives and automatic hardware gen-

eration provide the parameterizability and designer productivity this approach re-

quires, while a systematic, stream-based decomposition of input-dependence pre-

serves performance despite the limitations of static scheduling. Chapter 2 presents

key input-dependent design patterns that arise from common-case optimizations,

along with strategies for using the stream processing paradigm to generate efficient

hardware for these dataflow patterns. These design patterns allow HLS implemen-

tations of streaming pipelines to decouple core parallelizable computations from

input-dependence, yielding kernels that are amenable to spatial hardware accelera-

tion and that achieve high performance and resource efficiency without sacrificing

configurability.

To demonstrate the practical effectiveness of this stream processing-based

structuring for input-dependent applications, Chapter 3 presented a case study re-

designing an FPGA-accelerated string matching pipeline, originally implemented in

RTL for a network intrusion prevention system. This effort developed RapidScan,

a high-performance, HLS-based string matching library that exposes extensive func-

tional and performance parameterization. Using stream-based decomposition, this

chapter demonstrated that HLS can effectively capture the varied input-dependent

dataflow patterns in string matching, achieving RTL-comparable resource efficiency

alongside superior configurability and seamless integration with surrounding ker-

nels. Compared to the Pigasus baseline, a RapidScan-based Intrusion-Prevention

System scales to higher network line rates with less than a 10% increase in logic

utilization. Furthermore, RapidScan enables RapidDetect, a 200 Gbps FPGA-

accelerated log monitoring solution that is 4x more cost-effective than existing soft-

ware approaches, highlighting the broader viability and value of hardware accelera-
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tion for dynamic, input-dependent workloads.

To further understand the limits of HLS in representing complex input-

dependent dataflow, Chapter 4 explored the shuffle design pattern. Unlike other

patterns, the configurability demands of the shuffle operation are standardized to

well-established NoC topologies and router parameters. Lacking the need for ad-hoc

flexibility, this pattern is uniquely suited for traditional RTL implementations that

prioritize raw performance and hardware efficiency. To establish a state-of-the-art

RTL baseline for this communication pattern, this research developed ReConnect,

an RTL-native soft NoC generator. By harnessing modern FPGA toolchain compiler

optimizations, ReConnect overcomes the configurability limitations of standard

Hardware Description Languages (HDLs). This approach imparts extensive pa-

rameterizability while delivering over a 9x improvement in iso-resource throughput

compared to existing soft NoC generators. When evaluated against an HLS-based

butterfly topology serving the communication demands of a common-case optimized

database aggregation accelerator, ReConnect consumes 35% fewer resources and

exposes a broader, superior design space along the pareto front. With its high per-

formance, modular generation capabilities, and plug-and-play streaming interfaces,

ReConnect is well-positioned to facilitate the next generation of research in FPGA

acceleration and virtualization that utilize such communication patterns.

Lastly, Chapter 5 addressed the lack of fast performance simulation tools

for the design-space exploration (DSE) of FPGA-based, input-dependent streaming

pipelines. Leveraging the structure imparted by the previously discussed design pat-

terns and the stream-based decoupling of compute kernels from input-dependence,

this chapter introduced RapidQ, a lightweight, queueing-based performance abstrac-

tion. RapidQ is predicated on the insight that the core compute kernels within these

124



pipelines are typically simple, highly parallelizable implementations well-suited for

hardware acceleration. Consequently, the framework distills the detailed function-

ality of each kernel into its corresponding unroll factor, while representing the inter-

connecting streams as queues to accurately model input-dependent behavior across

workload packets. By utilizing functional simulation to capture the workload be-

havior of these HLS implementations, RapidQ drives a fast queueing simulator that

operates 7x faster than state-of-the-art approaches. Empowered by this rapid sim-

ulation capability, the chapter also detailed an automated DSE flow that co-tunes

buffer sizes and module throughputs, achieving over 42% savings in resource utiliza-

tion.

By coupling a systematic approach to developing configurable design tem-

plates with rapid performance estimation, this dissertation bridges the gap between

the high performance of hardware accelerators and the agility required by input-

dependent workloads. Rather than offering isolated optimizations, the integration

of stream-based HLS design patterns, robust RTL infrastructure, and agile design-

space exploration provides a comprehensive ecosystem for hardware developers. By

lowering the barrier to deploying common-case optimized streaming applications on

FPGAs, this dissertation will democratize access to hardware acceleration, paving

the way for more scalable and cost-effective solutions for critical, high-throughput

domains such as network security and database analytics.

6.1 Future Directions

6.1.1 Design Patterns + Dynamically Scheduled HLS

The design patterns described in Chapter 2 are essential in overcoming the lim-

itations of static scheduling in commercial HLS toolflows. While this approach
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effectively targets applications where input-dependence is limited to common-case

optimizations, such as string matching and database aggregation, other applications

such as sparse graph processing exhibit fine-grained input-dependence. For these

applications, decomposing the application into our streaming design patterns would

incur significant infrastructure overhead due to the generation of a large number of

kernels with relatively small compute cores.

Prior research has explored alternative methods for expressing fine-grained

dynamic dataflows. Dynamically scheduled HLS frameworks, such as Dynamatic

[142], have shown potential for higher performance over static scheduling for these

specific kernels. However, they widen the semantic gap between high-level C/C++

software and the resulting hardware, obscuring the cause-and-effect relationship

between programmer interventions and hardware efficiency. This can lead to a loss

in productivity gains and parameterization capabilities that are central to utilizing

HLS for configurable design templates. Other approaches utilize dataflow primitives

to offer domain-specific solutions, conceptually similar to our design patterns, for

areas like sparse data processing [143], but lack the generality required to support

arbitrary input-dependent applications.

Because statically scheduled hardware is inherently well-suited for spatial

architectures, achieving better resource efficiency by minimizing control overhead

[142], mapping input-dependent applications to statically parallelizable compute

structures remains a preferable baseline in many cases. Future research could ex-

plore hybridizing these methodologies: exploring how the systematic, coarse-grained

stream processing approach presented in this dissertation might be combined with

dynamically scheduled HLS tools. Selectively applying dynamic scheduling to spe-

cific input-dependent infrastructure kernels (such as compactors or shuffle NoCs)
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or to computations exhibiting fine-grained dynamism could expand the capacity of

HLS to represent input-dependent applications as configurable design templates.

Automatic partitioning techniques can further ease designer productivity, intelli-

gently isolating input-dependent regions, and choosing the most appropriate HLS

backend to produce efficient hardware for the complete application.

6.1.2 Accelerating Functional Simulation

As illustrated in Figure 5.3, a primary objective of RapidQ (Chapter 5) was to de-

couple functional simulation from the design-space exploration (DSE) loop to avoid

the prohibitive time costs associated with large-scale, real-world workloads. Never-

theless, because functional simulation must still be performed once per workload,

optimizing its runtime remains essential when evaluating multiple workloads.

In the context of monolithic kernels, functional simulation is essentially a

software execution of the HLS code, which generally achieves software-level per-

formance. To execute a streaming pipeline, however, modern HLS tools [45, 50]

rely on concurrent execution of the kernel graph, where each process executes the

computation of a single kernel. Data is transferred between these stream-connected

kernels via inter-process communication (IPC) to resolve the end-to-end pipeline.

While this method performs adequately for large, compute-bound kernels, it scales

poorly: as the kernel count grows, the IPC overhead and the massive number of

concurrent processes severely bottleneck the simulation runtime. This issue is fur-

ther exacerbated by stream-based decomposition, a necessary technique for mod-

eling input-dependent streaming pipelines (Chapter 2), which inherently generates

numerous lightweight kernels and exacerbates the communication overhead.

Given that functional simulation is not intended to yield accurate hardware
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performance metrics, an alternative workaround is for designers to implement sim-

plified, monolithic kernels exclusively for simulation purposes. While this effectively

reduces the kernel count and mitigates the communication bottleneck, it introduces

substantial overhead for the programmer. Furthermore, maintaining two distinct

versions of the codebase detracts from the fidelity of functional verification, as the

simulated design diverges from the actual streaming pipeline intended for synthesis.

Future research could explore new functional simulation infrastructures tar-

geting streaming pipelines that consist of many small kernels, where communication

overheads dominate execution time. Transitioning to a single-threaded, event-driven

simulation model could significantly accelerate execution by mitigating IPC and

context-switching penalties. However, to maintain high performance, this would ne-

cessitate strategic partitioning so that compute-intensive kernels continue to execute

in dedicated processes. Beyond functional simulation, this event-driven architecture

could optimize RapidQ’s SystemC-based simulator, which faces similar communi-

cation bottlenecks due to its lightweight queueing server models. A unified infras-

tructure handling both functional and performance simulation for RapidQ could

enable tighter automation with HLS toolchains, significantly improving accessibility

for designers.

6.1.3 Runtime Modeling and Tuning

While this dissertation primarily focused on compile-time tuning and design-space

exploration for representative workloads, real-world applications frequently en-

counter dynamic conditions that a single, statically tuned implementation cannot

efficiently accommodate. Diurnal variations in datacenter traffic [144], for instance,

can radically alter performance requirements, causing static designs to become
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unnecessarily over-provisioned during low-load periods and bottlenecked during

peak utilization.

To address this, future work could explore runtime tuning mechanisms. At a

minimum, such systems would need to dynamically identify the active workload to

select from a library of pre-compiled application variants. Generalizing this approach

to any unseen workload would necessitate the development of lightweight, real-time

profiling tools for FPGAs that can capture input-dependent behavior without adding

significant resource overhead or degrading the operating frequency of the design.

Moreover, dynamic design-space exploration would require a surrogate performance

model, since runtime testing directly on FPGAs is severely limited by the impact of

long reconfiguration times on application execution.

RapidQ could be extended from its current trace-driven approach to

distribution-based modeling and simulation, which aligns naturally with its un-

derlying queueing framework. By leveraging RapidQ’s existing queueing analysis,

designers could strategically guide FPGA instrumentation to capture essential

distribution metrics at stream boundaries, ensuring accurate performance profiling

with minimal resource overhead. These statistical distributions could subsequently

drive the RapidQ simulator for runtime design-space exploration, facilitating

seamless, one-shot updates to the active FPGA configuration. Furthermore, tran-

sitioning to a distribution-based model would allow RapidQ to provide solutions

with probabilistic performance guarantees, thereby preventing the hardware from

overfitting to any single workload trace.

To achieve kernel-level tuning without the prohibitive overhead of reconfig-

uring the entire FPGA, further research into FPGA virtualization [145–148] would

be critical. By partitioning FPGAs into smaller virtual FPGA tiles (vFPGAs)
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Figure 6.1: A virtualized FPGA fabric can enable software-like runtime tuning.

connected via NoC-style, latency-insensitive interfaces, systems could dynamically

adapt specific kernels within streaming pipelines to better suit workload demands,

as shown in Figure 6.1. Furthermore, integrating runtime instrumentation with run-

time resizing of vFPGA tiles could bring RapidQ’s tuning capabilities much closer

to the flexibility of software auto-tuning.

6.1.4 Heterogeneous System-Level Modeling

Over the past decade, the architectures of reconfigurable, general-purpose, and

custom-compute accelerators have steadily converged. As illustrated in Figure

6.2, processors are increasingly incorporating specialized hardened units, while

communication-focused ASICs (such as Intel IPUs and Nvidia DPUs) are inte-

grating general-purpose compute to broaden their applicability and future-proof

the SoC. Currently, heterogeneous systems tend to statically map specific hard-
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Figure 6.2: Modern accelerators are composed of heterogeneous compute resources
at different points in the programmability vs efficiency tradeoff spectrum.

ware components to distinct applications or discrete functional phases. However,

the tradeoff spectrum between highly efficient hardened accelerators and flexible

software-programmable compute remains largely unexplored for serving the same

functionality under varying workload demands.

RapidQ’s queueing-based performance model has primarily focused

on streaming pipelines on the FPGA. However, systems like Pigasus and

RapidDetect already rely on software to perform rare-case processing. This

software fallback could be further leveraged to handle dynamic bursts in the work-

load that depart from the common case but are shorter than the reconfiguration

timescale of FPGAs. While CPUs lack the raw efficiency of hardware accelerators,

their rapid program-switching and multi-tenancy capabilities could reduce overall

costs when absorbing these high-frequency fluctuations, thereby preventing the

need to over-provision the FPGA. At the other end of the spectrum, ASICs might

be a better choice to serve the baseline load threshold that the workload never

drops below.
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RapidQ’s abstraction could be extended to model this interaction between

application workload demands and the programmability and processing power of

heterogeneous components, potentially achieving a system more efficient than one

relying on a single kind of compute resource. While queueing abstractions are inher-

ently well-suited for performance analysis of computer systems [62], advancing this

design-space exploration would require hybrid cost models that merge the static re-

source provisioning costs of hardware with the time-based utilization metrics of

programmable software platforms. Developing robust workflows to dynamically

map application components across this spectrum could inform the design of next-

generation heterogeneous devices, driving efficiency gains in this era of specialized

hardware accelerators.
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