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Abstract

We can exploit configurability of Field Programmable Gate Arrays (FPGA) and maxi-
mize the performance of communication-intensive FPGA applications by designing specif-
ically customized Network-on-Chips (NoCs) using Machine Learning (ML). As transistor
density growth stalls, NoCs play an increasingly critical role in deployment of FPGA appli-
cations for modern-day use cases. Unlike Application-Specific Integrated Circuits (ASICs),
FPGA configurability allows the design of application-aware NoCs that can outperform
statically configured NoCs in terms of both performance and efficiency. Conventional NoC
design process is typically centered around universally-sound one-size-fits-all NoC design
decisions and does not take the underlying application into account. In contrast, we present
application aware designs that learn their NoC parameters by casting the NoC design space
as a function of application performance using ML algorithms.

Complex and non-obvious relationships between the large search space of NoC param-
eters and performance of the underlying FPGA application necessitates a more efficient
approach than manual hand-tuning or brute force. Modern ML algorithms have demon-
strated a remarkable ability to generalize to complex representations of the world by ex-
tracting high-order, non-linear features from complex inputs. In this thesis, we identify 1)
NoC topology, 2) Flow control and 3) Regulation rate, as the key NoC design variables
that have the strongest influence on application performance and leverage two primary ML
methodologies in this thesis: 1) Stochastic Gradient Free Evolutionary Learning and 2)
Gradient based Supervised Learning.

First, we present NoC designs based on Butterfly Fat Tree (BFT) topology and light
weight flow control. These BFT-based NoCs can customize their bisection bandwidth to
match the application being routed while providing features such as in-order delivery and
bounded packet delivery times. We present the design of routers with 1) latency-insensitive
interfaces, coupled with 2) deterministic routing policy, and 3) round-robin scheduling at
NoC ports. We evaluate our NoC designs under various conditions to deliver up to 3x
lower latency and 6x higher throughput. We also learn the routing policy on a per-switch
basis in an application-aware manner using Maximum Likelihood Estimation, decreasing
latencies by a further a21.1-1.7x over the static policy.

Second, we overcome the pessimism in routing analysis of timing-predictable NoCs
through the use of a “hybrid” application-customized NoCs. HopliteBuf NoCs leverage
stall-free FIFOs as a measure of flow control under token bucket regularization. The static
analysis, in the worst-case, can deliver very large FIFO size and latency bounds. Alter-
natively, HopliteBP uses light-weight backpressure as flow control under similar injection



regulation. But, it suffers from severely pessimistic static analysis due to propagation of
backpressure to other switches. We show that a hybrid FPGA NoC that seamlessly com-
poses both design styles on a per-switch basis, delivers the best of both worlds. We learn,
specifically for the application being routed, the switch configuration through a novel evo-
lutionary algorithm based on Maximum Likelihood Estimation (MLE). We demonstrate
~1-6.8x lower routing latencies and ~2-3x improvements in feasibility, while only con-
suming ~1-1.5x more FPGA resources.

Third, we further improve routability of a workload on the hybrid Buf-BP Hoplite
NoC by learning to tune regulation rates for each traffic trace. We model the regulation
space as a multivariate gaussian distribution. We capture critical dependency between
parameters of the multivariate distribution using Covariance Matrix Adaptation Evolution
Strategy (CMA-ES). We also propose nested learning, that learns switch configurations
and regulation rates in-tandem, and further lower cost-constrained latency by ~1.5x and
accelerate rates by ~3.1x.

Finally, we propose a Graph Neural Network (GNN) based framework to accurately
predict NoC performance in sub-second latencies for a variety of FPGA NoC designs and
applications. Application-aware NoC design can include thousands of incremental updates
to the NoC design space, with each step requiring performance evaluation of NoC con-
figuration using slow and expensive conventional tooling. This presents a bottleneck in
the adoption of application-aware FPGA NoC design. Instead of spending up to tens of
wall clock minutes simulating the NoC design for each step, we present a GNN based
framework to encode any FPGA NoC and any FPGA application into graphs. We create
a dataset, consisting of over 1.5 million samples, to train GNNs to predict NoC routing
latencies. GNNs accelerate benchmarking run-times by up to ~148x (=506x on GPU)
while preserving accuracies as high as 97.2%.

Through this work, we observe that application-aware NoCs designed using ML algo-
rithms such as MLE and CMA-ES can decrease routing latency by ~2.5-10.2x, increase
workload feasibility by ~2-3x, increase injection rates by up to =3.1x. By leveraging
GNNs trained using supervised learning, we can accelerate design time of such NoCs by
up to ~4.3x.
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Chapter 1

Introduction

Network-on-Chips (NoCs) play an increasingly critical role in at-scale millions of devices
deployment of complex FPGA applications for modern-day use cases such as Al inference,
DNN training, time series forecasts, high frequency trading, among others. Transistor
density growth is expected to stall with the end of Moore’s law [5] but we can continue
to reap scaling benefits by integrating increasing chiplets via 2.5D and 3D stacking. Fur-
thermore, the at-scale deployment of these modern day applications impose strict Service
Level Agreements in terms of latency and throughput expectations. NoCs can offset the
limitations of transistor packing by providing fabric-spanning routing support to increas-
ingly exotic designs that tightly couple highly modular FPGA sub-systems or chiplets with
strictly choreographed data-flow requirements. NoCs now play a central role in enabling
hardware designs for ASICs and FPGAs that implement the most disruptive applications
of Machine Learning [0, 7], Autonomous Driving [3], Neuromorphics [9, 10] etc. With each
new generations of FPGAs steadily increasing Look-Up Table (LUT) resources [11, 12, 13]
and embedding hardened blocks for in-fabric compute (HBMs [11], DSPs [15]), NoCs are
poised to be the critical piece of the design puzzle; enabling high utilization of these pow-
erful FPGAs by providing last mile connectivity across the FPGA fabric. The latest family
of AMD and Achronix FPGA devices ship with a dedicated hard NoC that is user exposed.

Application-customized NoC designs can outperform traditionally configured NoCs
in terms of routing performance, utilization and efficiency. As opposed to traditional
NoC design loops that are centered around universally-sound one-size-fits-all principles,
application-customized NoC design loops tune their NoC parameters by taking into ac-
count the application being routed. NoC design parameters (switch types, regulation rate
etc) can be “learnt” using Machine Learning (ML) algorithms by casting the NoC design
space as a function of the quality of result of the application, like latency and throughput.



As evidenced through this work, application-customized NoC designs, when compared to
their traditional design counterparts, decrease routing latency by ~2.5-10.2x, increase
workload feasibility by a2-3x, increase injection rates by up to ~3.1x while preserving
the features of the original static NoC design. Since the application-customized NoC de-
sign space is guided by the Quality of Result (QoR) of the application, such designs are
better poised to achieve pareto efficiency against their traditional counterparts for any
application workload. Supporting routing requirements for the the next generation of dis-
ruptive FPGA applications should encourage us to rethink traditional NoC design process;
by incorporating application customization into the NoC design search space.

A NoC design search space is composed of several design-time variables ranging from
NoC-level categories like topology to switch-level decisions like flow control. In this the-
sis, we focus our efforts around identifying and tuning NoC parameters that most impact
FPGA application performance: 1) NoC topology (Chapter 4), 2) Flow control (Chapter
5) and 3) Regulation rate (Chapter 6). We cast these NoC parameters as tunable vari-
ables that can be adapted to maximize performance of the underlying FPGA application.
In this thesis, the adaptation is done via a combination of static classification (Chapter
4) as well as learning the best configuration using ML algorithms. ML algorithms have
advanced significantly in their ability to learn complex patterns from data by leveraging
increased computational resources to extract higher-order non-linear relationships from in-
put features. We cast NoC configuration parameters as variables that can be learnt by ML
algorithms with the goal to maximize the given QoR function of the underlying FPGA ap-
plication. We use stochastic gradient free evolutionary learning algorithms like Covariance
Matrix Adaptation Evolutionary Strategy (CMA-ES) and Maximum Likelihood Estima-
tion (MLE) to learn NoC design parameters to maximise the performance of the underlying
FPGA application.

However, the iterative nature of the NoC design pipeline can mandate expensive,
lengthy and frequent simulations to capture key QoR metrics, which are then used to
refine the NoC design search space. As a result, in Chapter 7, we propose a Graph Neural
Network (GNN) based framework to infer, instead of simulate, NoC performance for a
given application. Our aim with this chapter is to train GNN models to accurately predict
NoC performance in sub-second latencies, as opposed to tens of wall clock minutes for sim-
ulations. We also release a NoC performance dataset, composed of over 1.5 million graphs
of 3 different FPGA NoCs and 200 different FPGA applications, that can be used by other
users to train their own GNN models using our proposed framework. We use this dataset
to train powerful GNNs that accelerate NoC benchmarking and application-specific NoC
design by up to 148x (506x using GPU) with prediction accuracies up to 97.2%.



1.1 Organization and Research Themes

We now explain the organization of chapters in the rest of this thesis. We also list down
the main contributions for Chapters 4, 5 and 6.

e Chapter 2: Background on NoCs

In this chapter, we provide the required prerequisite information about NoCs that is
key to understanding the work in the rest of this thesis. We introduce the basics of
NoC architecture and cover the NoC designs that have been utilized in the rest of
the thesis.

e Chapter 3: Background on Machine Learning Techniques

In this chapter, we provide the required prerequisite information about the machine
learning algorithms that are leveraged in this thesis to design application customiz-
able NoCs. We cover 2 categories of algorithms: 1) Gradient based supervised learn-
ing, and 2) Gradient-free optimizations. For gradient based supervised learning, in
preparation for Chapter 7, we first cover the basics of supervised learning of Neural
Networks, followed by a deep-dive into Graph Neural Networks. In preparation for
Chapters 5 and 6, we discuss Bayesian Statistics, Covariance Matrix Adaptation and
Maximum Likelihood Estimation.

e Chapter 4 and 5: Designing Application Customizable BFT Topologies

In Chapter 4, we present a low cost Butterfly Fat Tree (BFT) based FPGA NoC that
supports customization of its bisection bandwidth to the application being routed.
We also devote a section of Chapter 5 to tune the upstream routing data-paths of the
4-ary pi switches of BF'Ts on a per-switch basis to maximise routing performance of
the FPGA application. The main contributions of this work are:

— The NoC offers application customizability to its bisection bandwidth by con-
necting together switches of different arity. We benchmark 4 different topologies
with a rich diversity of application traces for a combination of application per-
formance, NoC area and NoC power scenarios.

— We introduce a backpressure-based flow control interface that is coupled with
deterministic routing and fair arbitration to provide bounded and in-order rout-
ing of packets.



— We benchmark the NoCs for a range of synthetic and realistic workloads. We
measure our flow-controlled BET NoC to outperform other NoCs (Hoplite, De-
flection BFT, CMU CONNECT etc) by 1-6x.

— For application customized upstream routing paths, we measure routing laten-
cies latencies that are ~1.1-1.7x lower than the vanilla versions that do not take
the specific application into account.

e Chapter 5: Learning Hoplite Switch Configurations

In this chapter, we learn the configuration between buffer based or back pressure
based flow control for the Hoplite NoC, on a per switch basis. We learn this con-
figuration to maximise the QoR of the specific application being routed. The main
contributions of this chapter are:

— To learn switch configuration, we present a novel evolutionary algorithm based
on Maximum Likelihood Estimation (MLE) that allows us to maximise the QoR
of the application being routed in a gradient free manner.

— We benchmark the application customized NoCs generated by MLE to have
~2-3x better feasibility and ~1-6.8x reduced latency.

— We propose a framework to dynamically reconfigure a live NoC on a Pyng-Z1
by running the MLE algorithm on the Software layer of the Pyng-Z1 while the
NoC routes the application running on the FPGA layer.

e Chapter 6: Nested Learning of Regulation Rates along with Switch Con-
figuration

In this chapter, we further extend the learnable parameters for the Hoplite NoC by
tuning the regulation rates of each traffic trace in the application to maximise QoR.
We also propose nested learning where the switch configurations (from Chapter 5)
are learnt alongside the regulation rates to maximise application QoR. The main
contributions of this chapter are:

— To learn regulation rates, we model parameters space as a multivariate gaussian
distribution. With an aim to maximise application QoR, the regulation rates are
learnt on a per-trace basis using Covariance Matrix Adaptation Evolutionary
Strategy (CMA-ES).

— We develop a nested learning strategy where, for a given application workload,
the switch configurations (from Chapter 5) and regulation rates (this chapter)
are learnt together.



— We benchmark our algorithms for a variety of real and synthetic applications.
We observe x1.4x lower cost-constrained latency, =3.1x faster rates when
learning switch configurations and regulation rates together.

e Chapter 7: Framework and Dataset to Predict NoC Performance using
Graph Neural Networks

From previous chapters, we observed that designing application-specific NoCs can
often involve 100s of rounds of tuning, with each round requiring benchmarking of
100s of intermediate NoC designs. These thousands of rounds of benchmarking can
often be slow and expensive, presenting a critical bottleneck in designing application
specific NoCs and harnessing the reconfigurability of FPGAs. In a quest to remove
this bottleneck, we create a Graph Neural Network (GNN) based framework to pre-
dict NoC performances instead of slow and expensive RTL simulations or analytical
simulations. The main contribution of these chapter are:

— We present a framework to encode any FPGA NoC and any FPGA application
into graphs. This framework can encode any FPGA NoC, regardless of topology
or architecture, and supports both soft and hard FPGA NoCs.

— For the Hoplite and BF'T NoCs of Chapters 4, 5, and 6, we curate a dataset of
over 1.5 million unique samples of NoC and application pairs.

— We train powerful GNN models using our curated dataset to predict routing
performance for these NoCs in place of traditional RTL simulations or analytical
simulations.

— We quantify our trained GNNs for prediction accuracy and speed-ups. We ob-
serve up to ~148x (~506x on GPU) speedups compared to traditional bench-
marking methods, while achieving up to 97.2% prediction accuracy.

e Chapter 8: Conclusion and Future Work

Finally, we conclude this thesis by presenting some future directions to build on top
our research contributions. We primarily focus on expanding our work to accelerate
FPGA application design as a whole. Our first line of thinking presents research
ideas that explore using machine learning to design and tune different components
of the FPGA design pipeline, that have typically been governed by heuristics. Our
second line of thinking pitches using Graph Neural Networks to accelerate the time it
takes to go from RTL to an FPGA bitstream, a lengthy process consisting of net-list
placement and timing closure.



1.1.1 List of Publications

The research work associated with Chapter 4 ([3]), Chapter 5 ([2]), Chapter 6 ([10]) and
Chapter 7 ([17]) is shared in their complete form in this document. The contents of these
chapters have been published in peer-reviewed conferences and journals. For each chapter,
I list down its corresponding reference below:

1. Chapter 4:

G. S. Malik and N. Kapre, “Enhancing Butterfly Fat Tree Nocs for FPGAs with
Lightweight Flow Control,” in 2019 IEEFE 27th Annual International Symposium on
Field-Programmable Custom Computing Machines (FCCM), pp. 154-162, 2019

2. Chapter 5:

G. Malik, I. E. Lang, R. Pellizoni, and N. Kapre, “Learn the Switches: Evolving
FPGA NoCs with Stall-Free and Backpressure Based Routers,” in 2020 30th Interna-

tional Conference on Field-Programmable Logic and Applications (FPL), pp. 18-25,
IEEE, 2020

3. Chapters 5 and 6:

G. Malik, I. E. Lang, R. Pellizzoni, and N. Kapre, “HopliteML: Evolving Application
Customized FPGA NoCs with Adaptable Routers and Regulators,” ACM Transac-
tions on Reconfigurable Technology and Systems (TRETS), vol. 15, no. 4, pp. 1-33,
2022

4. Chapters T:

G. S. Malik and N. Kapre, “GraphNoC: Graph Neural Networks for Application-
Specific FPGA NoC Performance Prediction,” in 2024 International Conference on
Field-Programmable Technology (ICFPT), IEEE, 2024

The motivation to use gradient-free learning, as a means to learn parameters in a
gradient free manner, was born out of auxiliary work I co-authored during this thesis
study and is listed below.

5. Learning the Partitioning Layouts for Systolic Arrays:

L. C. Chan, G. Malik, and N. Kapre, “Partitioning FPGA-Optimized Systolic Ar-
rays for Fun and Profit,” in 2019 International Conference on Field-Programmable
Technology (ICFPT), pp. 144-152, IEEE, 2019

6



6. Distributing Evolutionary Strategies across Compute Nodes:

G. S. Malik, L. Petrica, N. Kapre, and M. Blott, “DarwiNN: Efficient Distributed
Neuroevolution under Communication Constraints,” in Proceedings of the 2020 Ge-
netic and Evolutionary Computation Conference Companion, pp. 141-142, 2020



Chapter 2

Background: Network on Chips

The advent of multi-core processors over the past two decades ago has positioned Network-
on-Chips (NoCs) as first-class citizens for modern-day hardware designs. Over successive
generations of HW life-cycles, the progressively increasing number of processing cores has
mandated a proportional increase in inter-core communication bandwidth to maintain
efficient core utilization and meet application Service Level Agreements (SLA). This es-
calating demand has underscored the critical need for a scalable and high-performance
interconnection fabric. NoCs fulfill this requirement of providing high bandwidth and last
mile connectivity by carefully scheduling and managing packet traffic over a shared in-
terconnect overlay, while exhibiting superior asymptotic area-scaling when compared with
point-to-point connections. This has effectively positioned NoCs as a crucial architectural
component of the modern-day hardware design puzzle, evident across their integration
into a broad spectrum of computing platforms (GPUs, TPUs, FPGAs, ASICs, etc) and
applications (High-Performance Computing, Neuromorphics, Artificial Intelligence, etc).

2.1 History of NoCs

We now provide a brief history of NoCs. The advent of multi-chassis interconnect net-
works, used in routers, workstations and supercomputers, exposed the limitations of pin-
limited physical wire connections around scalability and bandwidth. Virtual Channels
[20] were developed to facilitate deadlock-free routing in interconnection networks, par-
ticularly in scenarios where physical wiring resources are constrained. As data payload
sizes increased, wormhole routing [21] emerged as a viable solution to maintain low latency
and high throughput for extended packet transmissions. Although Network-on-Chips drew



upon principles established in prior multi-chassis interconnection networks, the design con-
straints encountered in on-chip interconnects exhibited different characteristics, with plen-
tiful and high bandwidth wiring available on-chip being a key differentiator. However,
as the computing paradigm witnessed a shift towards multi-core chips and architectures,
previously plentiful on-chip wiring saw significant pressures on demand; bigger caches and
increasing number of PEs competing with the NoC interconnects for the same wire real-
estate.

Dedicated point-to-point connections between on-chip PEs exhibited unfavorable asymp-
totic scaling trends for wiring resources, rendering this approach impractical beyond a small
node count. The simplest form of on-chip networks, Buses and Crossbars, were suitable for
low core counts. However, buses suffered from limited scalability due to traffic saturation,
high power consumption, and arbitration latency. Crossbars, while addressing bandwidth
issues, also scaled poorly due to their large area footprint and high power consumption.
To mitigate these limitations, [22] made the case for being judicious in the use of on-chip
wiring resources by smartly designing NoC topology and flow-control methods to best ex-
ploit communication patterns and available on-chip resources. During this period, key
architectural techniques like wormhole routing [21] also became standard features in NoC
implementations [23]. This is evidenced by their adoption in numerous proposed archi-
tectures and commercially available chips, including MIT RAW [24], Tilera TILE64 [25],
Intel’s 80-core TeraFLOPS processor [26], Austin TRIPS system [27], as well as the SPIN
network [28]. To further enhance the bandwidth capabilities of wormhole flow control,
some designs, such as Intel TeraFLOPS [26] and Austin TRIPS [27], leveraged multiple
virtual channels. Conversely, other architectures, like RAW [24] and Tilera TILE64 [25],
employed a strategy of utilizing multiple on-chip networks.

The increasing need for scalable, low-latency, and high-bandwidth communication within
complex systems-on-chip (SoCs) and chiplet-based architectures has been the predomi-
nant driving force for innovation in modern-day NoC design. Specifically, the exponen-
tial growth in artificial intelligence training and inference workloads has placed unprece-
dented demands on interconnects within Al accelerators. NoCs are now optimized to
handle the massive data movement required for training and inference by providing high-
bandwidth, low-latency communication between the numerous processing elements, DRAM
and HBM memory controllers, cache-based sub-systems and network interfaces. In GPUs,
like NVIDIA’s A100 [29], the NoC connects Streaming Multiprocessors (SMs), each con-
taining multiple CUDA cores, to the memory controllers and L2 cache using a hierarchical
NoC with a crossbar within each SM and a mesh connecting the SMs, memory controllers,
and L2 cache. This NoC implementation supports access to up to 80 GB of High Band-
width Memory (HBM) [30] at a rate as high as 2 TB/s [29]. Tensor Processing Units



(TPUs) [31], such as Google’s TPU V4 [32], now utilize a 3D mesh NoC to interconnect
the Matrix Multiply Units (MXUs), which are specialized for tensor operations, with up
to 32 GB of HBM2 [33]; enabling efficient computation rate of up to 275 teraflops [34] for
deep learning based training and inference workloads.

In the context of FPGAs and the design considerations for a NoC implementation, a
key distinction lies in the inherent availability of routing resources. Unlike ASICs, where
on-chip wiring constitutes a critical design constraint, FPGAs possess a pre-fabricated,
abundant programmable logic composed of dedicated routing channels and LUTs. Con-
sequently, the challenge of on-chip wiring of ASIC NoCs, is somewhat mitigated in the
FPGA domain. This abundance of wiring resources, relative to the available LUTs for
logic implementation, alters the trade-offs typically considered in NoC design; strategies
focused on conserving wiring resources of [22] may not be as directly applicable for FPGA
NoCs. Instead, targeting the scarcer LUT resources might be more applicable for FP-
GAs. Buffered FPGA NoCs increase design complexity by consuming significant amount
of LUT resources, in-turn consuming significant energy and leaving few LUT left-overs
for FPGA application implementation. As a result FPGA NoCs ushered in small and
lightweight form-factor [35, 36] that leveraged buffer-less deflection based routers inspired
from groundwork laid in [37, 38]. However, these deflection-based NoCs work by inten-
tionally mis-routing packets to manage contention. In the worst case, these deflections can
go on forever, making them unsuitable for real-time applications where worst-case bounds
must be computable to meet strict Service Level Agreements (SLA) of the application. To
mitigate this and have light-weight buffer-less NoCs support real-time applications, latest
iteration of these FPGA NoCs [39, 10, 11] have adapted the theory of network calculus
[12] to estimate bounds on delay on a per-link and global basis purely as a function of the
NoC'’s routing policy and application flow-set.

We now present the various aspects of NoC design that serve as central links to our
work in the rest of the thesis’ chapters.

2.2 Basics of NoC Architecture

We now discuss the design variables that are central to the NoC designs and algorithms
presented in this thesis.

e NoC Topology: The layout of the switches and connections between them deter-
mines the topology of the NoC, as illustrated in Figure 2.1. These topologies not
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only influence packet routing paths but also directly impact the bisection bandwidth
[13] of the NoC, a measure of the minimum bandwidth between two halves of the
network. Evolution of NoC topology has been driven by increasing performance and
bandwidth demands in hardware implementations [14]. Initially, traditional intercon-
nects like buses and crossbars were deployed, but their scalability limitations with
growing core counts [15] prompted the shift to regular topologies such as meshes and
tori due to their relative simplicity and scalability [10]. As application requirements
diversified, more complex topologies emerged, including irregular and hierarchical
structures like Butterfly Fat Trees (explained in detail later in section 2.4), as well as
3D meshes [31], addressing specific needs like those of FPGAs and ASICs like GPUs
and TPUs. Of note, the topology of the NoC is closely related to the placement of the
Processing Element (PE) endpoints, which is more constrained in an FPGA fabric
compared to ASICs. As a result, FPGA NoC topologies exhibit more structure to
compose with the FPGA macro placement as opposed to the blank canvas nature of
ASIC placements.

L3 A

a) Ring ) Crossbar
) Fat Tree ) Mesh

Figure 2.1: Visual representation of some common NoC Topologies.
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e Routing Algorithm: As a packet arrives at the input port of a switch, its output
port is chosen by the routing algorithm. Although the NoC typically only consists
of a single shared overlay of switches, there can be many different paths (sequence of
switch hops) between two endpoints. A real life analog of this is the different sets and
sequences of roads and turns we can take as we travel to our destination. Further,
similar to the real life example, routing algorithms are motivated to also minimize
travel time and contention. NoCs make use of different routing algorithms to best suit
their topology and flow control. Routing algorithms can generally be classified into
2 broad categories: Deterministic and Adaptive routing. In the case of deterministic
routing, all packets between the same source and node PE will traverse the same path.
For example, Hoplite is a 2D directed torus and uses Dimension Ordered Routing
(DOR), where packets travel horizontally (W—E) before making just a single turn
(W—S8) to travel vertically (N—S) to avoid deadlock. Another example is address-
based routing, where the routing path is determined as a function of the source and
destination PE. An example of a NoC targeted in this thesis that uses address-based
routing is the Butterfly Fat Tree (BFT) NoC where packets climb the tree until they
reach the first available downstream path to the destination endpoint. At this point,
the packets turn and descend the tree to reach the destination. In the case of adaptive
routing, in contrast to deterministic routing, a packet’s exact path is influenced by
the traffic conditions in the NoC which can help minimise contention but at a great
cost. It introduces significant implementation overhead to maintain a stateful model
to track the status and position of flits over the shared interconnect. In this thesis, we
focus on light-weight NoCs that predominantly make use of deterministic routing. Its
important to also note that while it might be tempting to design a routing algorithm
to always take the shortest path across the NoC, such a philosophy does not take
contention and the resultant flow control into account.

e Flow Control: Packets travel through the NoC via hops along the shared overlay of
switches. Sometimes, two or more packets at the same switch might contend for the
same output port to hop to the next switch. In such scenarios, flow control decides
the fate of the packet that loses this round of contention. Flow control manages
the second order effects of contention since the losing packet can itself influence the
routing of other packets and so on. Flow control complexity is generally proportional
to the number of ports, virtual channels and cross-bar complexity. For example,
deflecting the losing packet to any other available output port consumes very few
LUT resources to implement but sacrifices important routing features like live-lock
freedom (packets keep bouncing around the NoC forever), in-order packet delivery
(first-in-first-out for a stream of packets) while also creating contention in other
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parts of NoCs. On the other end, absorbing losing packets into an infinite depth
FIFO, theoretically, can self contain any effects of contention, but at great LUT
cost and infinite routing latency. However, both buffered and buffer-less flow control
implementations that employed a single queue at each input suffered from Head of
Line (HOL) blocking affects where the packet at the front of this queue is blocked
and cannot proceed to the next stage due to congestion or resource unavailability;
thus preventing all subsequent packets in that same queue from moving forward. To
mitigate HOL, Virtual Channels (VC) [20] were introduced. VCs splice the traffic
across distinct queues within the router, with multiple VCs sharing the underlying
physical link between two routers. Consequently, if a packet occupying a specific VC
is blocked, other packets can still utilize the physical link via alternative VCs. This
functionality enhances physical link utilization and subsequently improves overall
network throughput.

Switch I/O Arity: It refers to the number of input and output ports of a switch.
For example, the standard Hoplite NoC [35] has 3 input (North, West, PE) and 3
output ports (South, East, PE). Pi switches of flow-controlled BFTs of Chapter 4
([3]) and deflection routed BETSs of [36] have 4 input and 4 output ports (Left, Right,
U0, Ul). The number and type (input vs output) of ports influence the topology,
performance and complexity of the overall NoC design. While increasing the I/0O
ports of a switch naturally increases its routing bandwidth, an excessive increase
is accompanied by a disproportionate increase to switch area, implementation com-
plexity and performance penalties. Note that FPGAs are primarily constrained by
LUT resources, while ASICs are limited by wiring costs. Hence, while increasing the
I/O arity of a switch will result in an increased wiring and implementation costs for
both FPGA and ASIC NoCs, an FPGA NoC will incur a disproportionately larger
implementation penalty by being forced to spend precious LUTSs to support the re-
quired increase in complexity of accompanying arbitration, flow-control and routing
policies.

Regulators: As discussed, NoCs route data traffic over a shared interconnect of
switches. To ensure quality of service guarantees, we can use regulation of traffic
injection into the NoC fabric. Failing to do so in a timely manner can overwhelm
the NoC, resulting in cascading impacts to routing bandwidth and culminating in
congestion or starvation. Regulators play this important role of limiting injection
into the NoC. A few examples of regulators include the leaky bucket, token bucket
and sliding window regulators. The leaky bucket operates on a simple principle: it’s
analogous to a bucket with a hole at the bottom, releasing packets at a fixed, constant
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rate. This mechanism effectively smooths out traffic, preventing sudden spikes, but
it comes at the inability to replicate bursts of traffic injection into the NoC. In con-
trast, the token bucket regulator employs a more dynamic approach. It uses tokens,
which are generated at a constant rate. Each packet requires a certain number of
tokens to be transmitted. This allows for bursty traffic as long as there are enough
accumulated tokens, offering greater flexibility. Sliding window regulation in NoCs
manages the amount of data in-flight to prevent network congestion. It uses a win-
dow of sequence numbers, allowing the sender to transmit multiple packets without
waiting for individual acknowledgments. As the receiver acknowledges packets, the
window slides forward, enabling further transmission. In this thesis, in Chapter 5
([2]) and Chapter 6 ([10]), we employ the token bucket regulator which is character-
ized by two parameters: regulation rate and burst size. Regulation rate controls the
amounts of packets injected per cycle and burst size determines the maximum con-
secutive packets the regulator can inject into the NoC. We discuss the token bucket
regulator in greater detail in section 5.4.2. We explore learning of regulation rates
for an application in Chapter 6 ([16]).

Arbitration: Flow control determines what happens to the losing packet in case of
a contention. Arbitration rules decide which packets win the contention. Broadly
speaking, arbitration can resolve contention by ranking on packet properties or port
properties. For example, First-In-First-Out would grant higher priority to the older
packet (ranking on packet). Conversely, packets trying to turn (W—S) are given
highest priority regardless of packet properties in the case of the HopliteRT [39] NoC
to deliver livelock freedom (ranking on port). Arbitration algorithms should be fair
in assigning priorities to ensure all packets get serviced. A lack of fairness can cause
packets to perpetually lose out in arbitration contests, which in turn can lead to a
mixture of deadlock (packet stuck at a switch) and livelock (packet moving but never
reaching destination) scenarios.

2.3 Encoding Applications into Traffic Traces

A collection of individual traffic traces characterize the application being routed. Each
of these individual traffic traces captures the unique communication pattern to send data
from one endpoint to the other. Multiple traffic traces can be composed between the same
two endpoints to capture different behaviors. The NoC designs and algorithms presented
in this thesis have been tested on synthetic and real application traffic traces. In this
thesis, we define the following entries to compose a traffic trace.
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e Source-Destination Pairs: A traffic trace is characterized by the source generating
the packets and the destination to which these packets are headed. This is represented
as a tuple of endpoints (source, destination), where the source is the index of the
NoC endpoints into which the packets would be injected and the destination is the
index of the NoC endpoint which the packet will exit the NoC. Each traffic trace
is assumed to be independent of others; operating under the assumption of either
continuous traffic streams or bulk-synchronous parallel processing where traffic can
be arbitrarily mixed. The execution of workloads across multiple processors will
necessitate modeling dependency between traffic traces to ensure both consistency
and correctness of execution. However, a comprehensive modeling of inter-trace
dependencies falls outside the defined scope of this thesis.

e Injection Rate: The rate at which the packets are ideally injected into the NoC.
However, the real injection rate is often determined by the combination of regulator
state and NoC bandwidth availability.

e Data Block Size: The consecutive number of packets the traffic trace will send at
any particular time. The real data block size is instead determined by the regulator;
burst size, for example, in the case of token bucket regulators.

In addition to the NoC architecture (like topology, flow control etc), an FPGA appli-
cation’s routing performance attributes like throughput and latency are determined by its
load factor, which is quantified as the amount of interference between individual traffic
traces over the shared NoC. We now explain in detail the synthetic and real traces that
have been used to benchmark the various NoC designs presented in this thesis.

Synthetic traces have been generated artificially to capture a wide range of workloads,
contention and communication patterns. They also allow us to carry out ablation studies
on the performance on NoC by generating and testing the NoC on traces with a particular
character. For example, we can generate artificial traces where the the communication
workload is biased toward bursty but sporadic communication patterns. For RANDOM
application traces, a source endpoint’s destination is generated randomly by sampling a
uniform distribution. The application is compiled by performing such uniform sampling
for every NoC endpoint. LOCAL application traces are aimed at testing nearest-neighbor
style workloads. For each NoC source endpoint, the uniform sampling is limited to the
top-K neighboring endpoints. K can be varied to control the level of long distance vs short
distance traffic in the NoC.

Real traces, on the other hand, are extracted from real life applications and allow
us to test the NoC on consumer-grade as well as enterprise-grade workloads. This is
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especially useful for system designers to ensure that the designed NoCs can work under a
variety of real life workloads, as well as generating the required confidence to deploy the
designed NoC to at-scale, production scenarios. Throughout this thesis, we use a variety of
real benchmarks, ranging from workloads related to applications like Sparse matrix vector
multiplication (SpMV) [17] to analysis of graphs using the SNAP dataset [15]. These real
life workloads exist along the entire spectrum of routing difficulty, with load factors varying
from 37% to 92%.

2.4 Butterfly Fat Tree based FPGA NoC

Most modern NoC topologies are either 2D meshes or tori due to the geometric simplicity
of mapping to a 2D VLSI substrate. However, these topologies are unable to scale bisection
bandwidth to meet differing application requirements. Instead of making all chip-spanning
NoC links wider to boost throughput, Butterfly Fat Trees (BFTs) offers customizable
bisection bandwidth to the communication workload with configurable multi-level NoC
topology. Through proper selection of switch richness at different levels of the tree we can
tune the network to any bisection bandwidth O(N?) where p is the Rent parameter [19]

of the architecture. BFTs have a long history [50] [51] and have found use in traditional
ASIC designs [52] [53] [54], Multi-Processor SoC designs [55] [56] [57] and off-chip networks
in the data-center [58] [59]. We evaluate the topologies shown in Figure 2.2 for our work

in Chapter 4.
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Switch Types: A t, Il pi

Figure 2.2: Different BFT topologies benchmarked in this work. The placement and type
of switches influences the routing bandwidth available to different packets based on their
position in the NoC.

Switch Micro-architecture: A popular version of 2-ary BFT NoCs is constructed
from two types of building blocks: ¢ and pi switches as shown in Fig 2.3. A t switch has
two ports to/from the lower levels of the tree and only a single uphill port. A pi switch
has two ports from the lower levels of the tree, and two ports to the upper levels of the
tree, thereby preserving total bandwidth.

Bandwidth Customization: Fat trees allow the network bisection of the NoC (O(N?))
to be adjusted as required to reflect Rent properties (p) of the communication workload.
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Figure 2.3: Micro-architecture of BFT ¢ and pi switches.

We can consider two extreme configurations of a BFT to better understand the tunable
range of bisection bandwidth configurations available to us. On one hand, a binary tree
(BFTO0), configured by simply choosing ¢ switches at all levels at a cost of O(N) switches,
can only sustain nearest-neighbor style lightweight communication (bisection bandwidth
of O(1)). On the other hand, a multi-stage crossbar (BFT3), configured by choosing only
pi switches at all levels at a cost of O(N x log(N)), supports all-to-all communication pat-
terns (bisection of O(N)) in a cost effective manner. By choosing the right mix of ¢ and pi
switches, we can construct the right NoC to suit application demands, a key requirement
of FPGA workloads. In this thesis, we will refer to the (¢-pi-t-pi) topology as BFT1 and
the (t-t-pi-pi) topology as BFT2. We evaluate these topologies for performance in greater
detail in Chapter 4.

Routing Policy: For packet-switched operation, the destination address and payload
are part of a single indivisible unit of communication. The routing algorithm used on BFT's
[30] is straightforward and can be separated into three phases: (1) climbing, (2) turning,
and (3) descent. As shown in Figure 2.4, during the climbing phase, packets can take any
available uphill port until they reach the common ancestor of both source and destination
clients. The level of the NoC that represents the common ancestor is the bit position of
the common prefix of both addresses. The packet must turn here and has only one choice
of outgoing port. During descent, at level i of the NoC, extract bit ¢ of the destination
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address and turn left (0) or right (1). Again the downhill path is fixed based on destination
address and no routing freedom is available during descent.

Figure 2.4: Visual representation of the routing path of a packet for a BF'T NoC.

Deflection based Flow Control: Deflection based BFTs of [36] use a light-weight
mechanism of localized deflections that intentionally misroute a packet towards its own
output ports before being deflected back for another attempt at a successful exit. Deflection
based flow control can be implemented without a significant increase in FPGA resources;
the fan-in of multiplexers of Figure 2.3 increases by a count of one. This still allows a tightly
packed LUT based implementation of these switches: a t switch can be implemented using
3x5-LUTs and a pi switch can be implemented using 4 x6-LUTs. We show this deflection
based flow control with an example in Figure 2.5. For a pi switch with 2 packets (

) attempting to exit to the same output port, arbitration designates
as the higher priority packet and is thus allowed to route to the destination port. The
, as the losing packet, is misrouted towards it own output port. In the next
cycle, this is deflected back towards the original input port and allowed
to make an attempt to exit at its destination port. We discuss the impact of localized

deflections on in-order delivery, traffic hot-spots and live-locks in greater detail in Chapter
4.

Y
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Figure 2.5: Visual Representation of localized deflections at a pi switch.

2.5 Hoplite FPGA NoC

The Hoplite [35] FPGA NoC is a LUT-optimized network-on-chip architecture targeting
fracturable (a K LUT can operate as 2 K-1 LUTs) Xilinx FPGAs for high-speed, low-cost
operations. Hoplite is characterized by its frugal use of FPGA resources, resulting in high
implementation clock frequencies. While different flow control variants of Hoplite switches
exist to address a wide variety of application use-cases, all of them use a 2D unidirectional
torus topology, as shown in Figure 2.6.
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Figure 2.6: 2D unidirectional torus topology of the Hoplite NoC.

B

Switch Micro-architecture: The Hoplite switch of [35] is characterized by its low 10
port counts and emphasis on directional routing. As a result, as shown in Figure 2.7, it is

20



composed of only 2 dedicated input (West W and North N) and 2 dedicated output (East
E and South S). The PE port is the only bi-directional port in the switch. The hoplite
switch enforces a strict priority order between packets vying for the same destination port,
based on the input ports at which packets arrive. The only time packets can contend for
the same port are turning packets from West to South vying for the same S port with
vertical packets travelling from North to South. In such cases, vertical packets are always
given priority over the turning packets. Flow control of losing packets depends on the exact
implementation and is discussed in greater detail below.

N
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Figure 2.7: Block diagram of the original deflection based Hoplite switch.

Routing Policy: All hoplite variants use Dimension Ordered Routing (DOR). As
shown in Figure 2.8, packets first must travel horizontally using the W — E route until
they reach their destination column. At which point, they turn into the vertical column
using the W — S datapath to reach their destination using the N — S datapath.

Deflection based Flow Control: The original switches of Hoplite from [35] uses
deflections as the method of flow control. Specifically, packets that are trying to turn from
West — South are intentionally misrouted to the East port instead. As packets follow
Dimension Ordered Routing, an unlucky packet flit (individual packet as part of a stream
of packets) might forever be stuck in the horizontal ring, leading to live-locks. The muxes
of the deflection based switch can be efficiently mapped to a single fracturable 6-LUT
for one bit of switching datapath, as shown in Figure 2.9. While the lightweight hoplite
switches are an attractive proposition for area sensitive applications, possibility of routing
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livelock and unbounded routing latencies are significant limitations, making it unsuitable
for systems requiring guarantees on worst-case packet latencies.
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Figure 2.8: Visual representation of the DOR routing policy of Hoplite
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Figure 2.9: Block diagram of the original deflection based Hoplite switch with shared East
exit.
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Figure 2.10: Block diagram of the HopliteBuf switch.

Stall-Free FIFO based Flow Control: HopliteBuf ( in Figure 2.10) [00] is
a variant of Hoplite that introduces stall-free FIFOs on the turns in the NoC. It buffer
packets turning from W — S if a N — S packet is present in that cycle. Following DOR
routing policy, it allows N packets to travel S while W packets must wait for an empty
cycle to progress further. The 2:1 East mux chooses between W, and PFE packets while the
South mux chooses between W’ ( ), N, and PE packets. It is worth noting that
while the FIFO is only available for W — S packets, we also need to hold back PE — S
packets if a N packet is present, as the PE port has the lowest priority for injecting a
packet; the same holds for a PE — W packet if a higher priority W — FE is present. PE
packets have lowest priority amongst all packets and must wait for traffic to clear on the
target exit mux. Rather than implementing additional, LUT-expensive FIFOs, a regulator
compatible PE interface that can be stalled is assumed; such that the PE is prevented
from injecting a packet in any clock cycle when a higher priority packet is present. Packet
delivery to a PE is not stallable, thus allowing unrestricted N—S traffic. The south mux
needs to select between three inputs: N, FIFO output and PFE;. As a result, the HopliteBuf
design cannot exploit the same degree of LUT compactness as deflection based switches.
To realize these FIFOs, SRL32 (32-bit shift register implemented using a LUT) primitive
are leveraged to re-purpose LUTs as Memory elements.

Backpressure based Flow Control: HopliteBP ( in Figure 2.11) [11]
supports lightweight backpressure in the horizontal ring. N — S packets have the highest
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priority; thus foregoing a need for backpressure along the vertical dimension. Only packets
turning W — S in the network may be subject to contention and thus require a backpres-
sure interface. on the W port are inserted which provide an ability to
store stalled packets in place and propagate the backpressure upstream in
the opposite direction of packet flow [3]. For HopliteBP, the DOR routing logic must be
adapted to account for the presence of backpressure signals. The control logic and shadow
registers are more expensive to implement on the FPGA than SRL-based FIFOs. They
result in a 1.2-1.8x increase in LUT and FF usage over HopliteBuf switches, summarised
in Table 2.1

N
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Figure 2.11: Block diagram of the HopliteBP switch.

Hoplite HopliteBuf HopliteBP

LUTs 59 161 189
FFs 86 91 167

Table 2.1: Resource utilization of Hoplite based switches on Xilinx Virtex-7 for 32b dataw-
idth and 32-deep SRL32 FIFOs.

We now explain in detail the primary FPGA NoCs leveraged in this work to design
application-specific NoC designs.
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2.6 Survey of Relevant FPGA NoCs

FPGA-based NoCs differ from traditional ASIC NoCs in their configurability and adapt-
ability, tailored for the programmable nature of FPGAs. In recent years, the latest gener-
ations of AMD Versal, Intel Agilex and Achronix Speedster family of FPGAs have seen a
hybridization of traditional soft NoCs and ASIC NoCs in the form of Hard FPGA NoCs.
Similar to other hardened FPGA components like DSPs and HBMs, hard FPGA NoCs
utilize dedicated, prefabricated circuitry optimized for performance and power efficiency.
This hardened implementation results in higher clock speeds, lower latency, and improved
area and power efficiency compared to their soft counterparts. However, this performance
advantage comes at the cost of flexibility; critical variables of the NoC architecture, like
topology, flow-control and routing algorithms, are fixed.

In contrast, soft NoCs are implemented using the programmable logic resources of
the FPGA. This approach offers significantly greater flexibility, allowing designers to cus-
tomize and reconfigure the NoC architecture as needed. Soft NoCs are well-suited for
applications requiring adaptability, experimentation, or prototyping. As a result, in con-
trast to hardened NoCs, soft NoCs can be easily designed and tuned specifically for the
FPGA application at hand. This can optimize available NoC routing bandwidth, in turn
minimising costs and maximising application performance. This is achieved by identifying
design parameters of soft FPGA NoCs that have a tangible effect on NoC routing band-
width. Subsequently, these parameters can be optimized and learnt as part of the NoC
design loop, such that critical NoC performance indicators (routing latency, throughput,
etc) are optimized specifically for the given FPGA application.

This thesis presents novel soft NoC designs and algorithms to customize soft NoCs
for the application to be routed. We benchmark these new NoC designs and learning
algorithms against a wide variety of NoCs. Although every competing NoC design has
been discussed in detail in its relevant chapters, we provide an executive summary for each
below.

e CONNECT: Introduced in [(1], CONNECT is a fully featured NoC framework
that provides a wide variety of topology, virtual channels and flow control options.
CONNECT can also guarantee in-order packet delivery and bounded routing laten-
cies. But this flexibility comes at the cost of expensive FPGA LUT requirements as
well as low implementation frequencies (resulting in low throughput). This expensive
implementation of the NoC itself in turn results in a low resource environment (both
FPGA LUTs and timing slack) for the actual FPGA application to be implemented.
This is in stark contrast. Finally, the Fat Tree topology option in CONNECT is

25



limited in flexibility; it does not allow for mixing switches with different arity at
different levels. Similar to deflection routed Hoplite and BFTs, the CONNECT NoC
has been studied as a comparison point to benchmark the Flow Controlled Butterfly
Fat Trees of chapter 4.

AXI-S Interconnect: A commercial soft IP offered by Xilinx, the AXI-S Inter-
connect can be used to connect a handful of sub-systems via its monolithic router
blocks. Packets are routed over a single stage crossbar composed of multiplexer cas-
cades. Due to its simple crossbar design, the AXI-S Interconnect suffers from steep
drops in implementation frequency with increase in endpoint and thus providing very
low absolute throughput. Furthermore, only a maximum of 16 endpoints can be sup-
ported, which limits the scalability of this crossbar design. The AXI-S Interconnect
does offer in-order packet delivery, bounded latencies and out-of-box AXI protocol
compatibility. We use the AXI-S Interconnect as a commercial benchmark against
the Flow Control Butterfly Fat Trees of 4.

SurfNoC: Introduced in [62], SurfNoC divides the application traffic into domain
exclusive waves. These waves can travel unimpeded through the NoC, without any
contention. However, intra-domain contention is still possible and can impose long
wait times for losing packets to ride another same-domain wave. Further, the division
of the application traffic into domains is not application customizable. We compare
SurfNoC against an ASIC implementation of NoCs generated by the MLE algorithm
in chapter 5.

PhaseNoC: Introduced in [63], PhaseNoC also attempts to schedule traffic into
waves like SurfNoC [62]. Naturally, it still struggles with intra-domain contention.
Similar to SurfNoC, selection of traffic into domains is not application customizable
in the case of PhaseNoC as well. PhaseNoC also uses multiplexing at the virtual
channel level but this results in increased router complexity. Similar to SurfNoC,

we also compare PhaseNoC against an ASIC implementation of NoCs generated by
MLE in chapter 5.
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Chapter 3

Background: Machine Learning

Modern machine learning algorithms have enabled systems to generalise to progressively
more complex and abstract representations of the world; in-turn tackling increasingly chal-
lenging tasks and making more accurate predictions. This has been made possible by
their increasing ability to extract higher order non-linear features from complex inputs
using millions of parameters. They do so by leveraging massive amounts of data and the
power of modern day computing. Modern machine learning algorithms have enabled at-
scale and performative implementations of: language understanding; speech transcription,
autonomous driving, systems and micro-architecture design, to name a few. Due to this
massive increase in their representative power, machine learning models have the capac-
ity to match and even surpass human level cognition, thus potentially unlocking copious
amounts of productivity in almost every domain.

For developing application-specific NoC designs, certain components of the NoC archi-
tecture are exposed as learnable parameters that are tuned specifically for the underlying
application such that the application’s performance is maximised. However, learning these
parameters presents a unique set of challenges. First, an exhaustive search quickly becomes
impractical for larger NoC sizes with the search space exploding in size. For example, for
learning switches of Chapter 5 ([2]), the search space grows to the tune of 27, where P is
the size of the Hoplite NoC. Additionally, the absence of a definitive ground truth prevents
us from leveraging supervised learning to learn a mapping between NoC parameters and
application characteristics. Hence, application-specific NoC designs require leveraging of
learning algorithms capable of identifying optimal NoC parameters in absence of available
gradients. As a result, we leverage Stochastic and Gradient-Free Evolutionary Learning
based algorithms for designing application-specific NoCs in this thesis. Finally, leveraging
gradient-free algorithms mandates simulation of thousands of intermediate NoC designs,
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which can be slow and expensive using traditional tools like RTL simulation and analyt-
ical modeling. As a result, we leverage Gradient-based Supervised Learning with Graph
Neural Networks to accelerate the benchmarking of NoC designs. We now explain these
algorithms in sections 3.1 and 3.2 below.

3.1 Gradient based Supervised Learning with Graph
Neural Networks

Supervised learning is focused around building machine learning systems that can learn
and generalise to unseen inputs for a certain task by learning from the ground truth input-
output pairings provided whilst training. Supervised regression problems learn to map
inputs to continuous outputs whereas supervised classification problems generate discrete
class labels as outputs.

We now briefly explain the history of supervised learning with artificial neural networks.
This field has a storied past spanning several decades, going from the implementation of
a single perceptron in the 1950s [64] all the way to the multi-billion parameter models
of today [65] that can extract highly complex and non linear features over long tail tem-
poral dependencies. The first attempt at an intelligent neuron was made in 1958 by the
design of a single layer perceptron which implemented a linear function of weighted sum

over the input [64]. The perceptron was eventually used to create multi-layer artificial
neural networks, which expressed more fidelity in the outputs due to their richer repre-
sentation capacity. The back-propagation algorithm [06] was instrumental in increasing

the representative capacity of these artificial neural networks by extracting the gradient
of the errors compared to the ground truth with respect to the parameters of the neural
network. These gradients were then used to train the parameters of the multi layer mod-
els. Over time, enabled by the confluence of modern computing resources and ample data,
modern day supervised neural network models have evolved to generate feature maps with
deep convolutions [67], make predictions over sequential data with Long Short-Term Mem-
ory (LSTM) Recurrent Neural Networks [65] as well as generate attention masks between
temporal features with self attention networks [69].

In the sections below, we first introduce the basics of supervised learning in section
3.1.1; concepts that are a prerequisite for training any neural network in a supervised
fashion. Then we introduce the architecture of Graph Neural Networks in section 3.1.2, to
be used in creating neural network models in chapter 7.
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3.1.1 Basics of Supervised Learning with Neural Networks

Architecture of the model: The architecture lays out the topology of the neural network
model being constructed. Specifically, the number of layers being used (VGG-16 has 16
layers, for example), the type and size of each layer (2D convolutions, fully connected, self
attention etc), and the connection between them (feed-forward, recurrent, residual etc).
Finally, the locations and types of non linear activations (ReLU, Tanh etc) applied to some
layers of the neural network. We now explain some aspects of the architecture in greater
detail below.

e Neural Network Layer: A neural network layer is a collection of operations that
apply linear transformations on the given set of inputs. A neural network is generally
comprised of multiple such layers stacked sequentially, summarised below in Equation
3.1, where f;,, is the mathematical description of layer I+1, o'*! is output of layer
[+1, o is output of preceding layer . Observe that output of previous layer o'
becomes the input to next layer [+1.

ot = fiia (o) (3.1)

The most ubiquitous layer is called the linear layer that implements the operation
described in Equation 3.2 below, where W and B are the learnable parameters of the
layer, X is the input to the layer, O refers to the size of the layer output, I refers to
the size of the input. We visualize this layer in Figure 3.1.

frinear = W-X + B;W € R9D X € R' B € R (3.2)
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Figure 3.1: Visual representation of a Linear layer.

Convolution layers are also another commonly leveraged layers to make up a neural
network. Convolution layers are adept at finding spatial relationships between data
points of an input tensor. Convolutions do this by extracting higher order features
across various localized points of focus in an input tensor. We formalize this in
Equation 3.3 for 2D convolution. While convolutions can be scaled out to support
higher dimensions, the underlying principles governing the behaviour remain the
same. 2D convolutions consists of 2D learnable weight parameters; referred to as
W and of size K x K. They are also commonly referred to as filters or kernels in
literature. Its referred as W in Equation 3.3. The input X is a 2D tensor of size A
x A. The Kernel W sweeps over an input patch of the kernel’s size, referred to as P
in equation below. For the given input patch P and kernel W, each cell is multiplied
and added up together to produce a corresponding cell of the output, as shown in
Figure 3.2.

P> = X[s][q] : X[s + W][qg + W]

i=0 ;=0
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Figure 3.2: Visual representation of a 2D convolution layer.

e Activation Functions: Activation functions transform the output of a neural net-
work layer and are not learnt as part of the neural network’s training. Activation
functions are typically non-linear in nature; critical in bestowing neural networks
with the power to model complex, non-linear relationships in the data. This is cru-
cial for solving real-world problems that do not confirm to linear representations.
Without activation functions transforming the intermediate outputs between layers
of neural networks, the neural network would at-best only be able to represent linear
relationships. We now explain the activation function that is used in Chapter 7 to
train Graph Neural Networks. ReLU is a non-linear activation function that zeros
out all negative input values while acting as a simple pass-through for non-negative
values, as shown in Equation 3.4. The non-linearity at the inflection point of 0 helps
provide high fidelity signals while calculating gradients during the back-propagation
phase of training the neural network. This in turn allows the neural network to
converge quicker and model complex non-linear relationships between the predicted
output and given input.

ReLU(X) = max(0, X) (3.4)

Objective/ Loss Function: When training the neural network, the loss function is
used to calculate the margin of error between the predictions of a neural network and the
ground truth. The loss is then the source of gradients calculated for each parameter of the
neural network using back-propagation and chain rule of differentiation. The magnitude
of the loss function quantifies the margin of error between the model prediction and the
actual ground truth. A loss of zero implies complete overlap between the 2 entities.
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The exact loss function used depends on the nature of the problem being learnt. Gen-
erally speaking, neural network modeling problems can be broadly categorised into 2 cate-
gories: 1) Regression and 2) Classification. Regression-based problems refer to predicting
continuous output values. Classification-problems refers to cases where neural networks
are trained to predict a categorical label instead. In this thesis, we train Graph Neural
Networks to predict both continuous and class based variables.

We now present the 2 loss functions we have used in this work in Chapter 7. For
predicting continuous values, we leverage the Huber loss function, as explained in Equation
3.5. Huber loss combines the best of Mean Square Error and Mean Absolute Error by taking
into account degree of divergence of predicted output from the ground truth (captured by
A). For categorical predictions, we leverage the CrossEntropy loss, which penalises the
neural network on an exponential scale, based on the degree of divergence of the predicted
class from the ground truth class, as shown in Equation 3.6.

)05 (2 = y?), if |z —y|<A
Lay) = {A(| r—y|—0.5-A) otherwise (3.5)
L(r,) = log(e 22 36

2 e cap(ze)

Optimizer: Whilst gradients (for every learnable parameter) are calculated using back-
propagation, the optimizer is responsible for defining how these gradients are used to
update the neural network. For example, a straightforward implementation of the optimizer
will simply subtract the gradient from its parameter as shown in Equation 3.7 below
(W: parameter, E: error, a: learning rate), whereas a more nuanced optimizer might
take momentum (past trajectory) into account to vary the step size. For modern neural
networks, various flavours of Adam [70] have proved to be popular for efficient convergence
over a variety of tasks.

wWew—adE (3.7)

ta

step size
Dataset: The dataset is the foundational piece for any supervised training of a neural
network. It is composed of input-ground truth pairs. The input is transformed by
the many layers of the neural network and the final output is then contrasted against
the ground truth to calculate the loss and train the parameters. A typical dataset can
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contain anywhere from thousands to billions of these entries and varies between datasets
and domains. It should be noted that the dataset is typically split into 3 sub-sets: training,
validation and test sub-sets. The training sub-set is used to train the neural network. The
validation and test sub-sets are never exposed to the neural network while training. Once
trained (on the training sub-set), the validation sub-set is used to evaluate the model’s
performance on never before seen data and accordingly modify the architecture and hyper-
parameters of the model. The training — validation loop continues until target validation
performance is achieved. Subsequently, the test sub-set is then used to benchmark the
model and report as final performance since this sub-set is not visible either during training
or validation stages.

3.1.2 Graph Neural Networks

Graphs based representations are ubiquitous in almost all domains; molecules in chemistry,
interactions in a social network being a few examples. Graph based representations are not
just limited to entities naturally composed as graphs; any set of entities and interactions
between them can be expressed as graphs. As a result of their ability to capture any
kind of relations (or lack thereof) between entities, graphs have been progressively gaining
popularity as a universal data structure to express inputs for a neural network model.
However, traditional neural network layers (like convolutions, Multi Layer Perceptrons,
etc) are only compatible with highly structured and regular data. As a result, traditional
neural network architectures are not compatible with graph based inputs out of the box.
Although obtuse tensor manipulation for one specific neural network architecture might
result in limited success, such a strategy is neither generalisable nor scalable to other
network architectures or dynamic graphs. Graph Neural Networks (GNNs) address this
very problem by directly operating on graph data. GNNs have already been applied to
many applications, including (but not limited to) drug discovery [71], particle physics [72],
cyber security [73] etc.

We now provide an overview of the architecture of GNNs. We first discuss the compo-
sition of a graph input tensor and then subsequently discuss the application of GNN layers
with message passing on this graph tensor. For this discussion, we treat Figure 3.3 as an
anchor example that we refer to throughout this discussion.
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Figure 3.3: A representative example of an input graph and operations of a GNN layer.
Operations related to f, and f. correspond to examples of message passing for node and
edge attributes respectively. The incoming ----% line shows the updated attributes of the
example node and edge after the message passing operation.

Composition of Input Graphs: GNNs accept graphs as inputs. We now explain how
an input graph is composed. A graph is composed of nodes and related nodes are connected
together via edges. In Figure 3.3, (", o, etc) are nodes and connected together by
edges ( , etc). Each node and edge can be encoded with attributes that
capture an intrinsic property. For example, in the case of a molecule, the node attribute
might encode the type of atom and the edge attribute might encode the type of bond. In
Figure 3.3, the colors of nodes represent different node attributes and the thickness of edges
represent different edge attributes. Note that although Figure 3.3 creates an example with
undirected edges, a graph can have a mix of directed and undirected edges.

, I,

Graph Invariance: With respect to Graph Neural Networks, graph invariance ensures
that the output of a GNN, for a given input graph, does not change regardless of the
ordering and indexing of the input graph’s nodes. For example, if an input graph is
rotated or the indexing order of the nodes changed, the GNN should still be be able
to extract the same meaningful representations from the graph. To express connectivity
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between nodes, it is tempting to use a traditional adjacency matrix. However, adjacency
matrices are not graph invariant. An Adjacency matrix represents a graph by explicitly
encoding connectivity between nodes based on indices. Swapping rows and columns of
the adjacency matrix will change the matrix even though the underlying graph remains
the same. Additionally, adjacency matrices are memory inefficient when representing large
and sparsely connected graphs. Adjacency lists, composed of tuples of connected nodes,
address the graph invariance and memory inefficiencies of the matrix approach by encoding
each node’s connectivity as a list of its neighbor nodes. The order of neighbors within that
list does not impact the underlying graph structure. Hence, they are now the standard
data structure to express graph connectivity. We refer the reader to [74] for more details
on adjacency lists.

GNNs with Message Passing: The simplest implementation of a GNN could simply
transform the nodes and edges of Figure 3.3 by operating upon each node and edge attribute
individually using a neural network layer (MLPs, convolutions, residual connections etc).
A few sequential layers of such isolated operations could then extract higher order features
from each node and edge. While valid, such a formulation does not take into account graph
connectivity at all. Graph connectivity encodes critical information about relationships
between nodes and edges. As a result, inability to operate upon this information can
drastically reduce the representational capacity of the GNNs themselves. The message
passing operation [75] of GNNs addresses this exact problem. Instead of simply updating
an attribute in isolation, the updated attributes of the neighbors are pooled together to
form the updated attributes. For example, in Figure 3.3, a node’s (") attributes are
operated upon using the differentiable layer f,,. The neighbouring nodes ( , @) are also
operated upon using the same f,. Then to form the updated attribute for node (*),
the updated attributes of neighbour nodes ( , @) are all pooled together. We use the
summation operator to pool together attributes in Figure 3.3. Different pooling operators
like mean, min, max etc exist. Similarly, the edge attributes are updated using a layer
(fe in Figure 3.3) and pooling together updated edge attributes. Each node and edge in
the input graph tensor goes through this transformation (update attributes—pool) and is
described as a single layer of GNN. The output graph tensor of the current layer becomes
the input graph tensor to the next layer. We now formalise the operations of a GNN layer
below:

hi = a(y(hi, Qen ¢(hi; hy))) (3.8)

where h; are the attributes of a node/edge i. h; are the attributes of the neighbour j.
N; is the set of all neighbours. ¢ is a differentiable operator (f,, or f. in Figure 3.3).  is
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the pooling operator (like sum, max, min etc). - is another differentiable function. Finally,
« is a linear or non linear activation function. A GNN can be composed of multiple layers,
with each layer defined by a different set of differentiable functions v and ¢, as well as
different pooling operators §2.

3.2 Stochastic Gradient Free Evolutionary Learning

Gradient free solvers can lead to faster discovery of solutions with superior quality when
applied to a certain class of problems where the gradients (toward global optimum) can
be noisy, unavailable or expensive to compute. These solvers, also used in this thesis in
Chapter 5 ([2]) and Chapter 6 ([16]), use an iterative and gradient free process of evolution
(mutation — selection — update) to bias the parametric distribution towards the set
of best performing candidates. Evolutionary learning strategies have been used in robotic

applications [70], to design hardware for neural network inference [15], place macro blocks in
hardware designs [77], train reinforcement learning policies [78], design and even train deep
neural networks [79, 19]. Due to their ability to converge towards global optimums without

gradients, such solvers are a superior alternative to back-propagation based methods when
optimising problems with intractable gradients and high dimensional feature spaces.

In this thesis, we use 2 such gradient free solvers: 1. Maximum Likelihood Estimation
(MLE) in Chapter 5 ([2]) to learn switch configurations and 2. Covariance Matrix Adap-
tation Evolutionary Strategy (CMA-ES) in Chapter 6 ([16]) to learn regulation rate for
application traces. Both problems (switch learning and rate learning) do not have obvious
gradients available to guide the search towards a set of globally optimum parameters. The
choice to use MLE and CMA-ES is motivated by matching the complexity of the problem
to the algorithm used. For example, MLE is used to learn switches modeled as a simple
Bernoulli distribution whereas CMA-ES is used to learn rates modeled as a far more com-
plex multivariate Gaussian distribution. As discussed above, these algorithms are an ideal
candidate to solve such problems; MLE (switch learning) and CMA-ES (rate learning)
improve worst case latencies by up to ~6.8x and ~1.5x, over their respective baselines.

Covariance Matrix Adaptation belongs to a class of algorithms based in Evolutionary
Strategy while Maximum Likelihood Estimation can be classified as a statistical inference
algorithm. Before discussing these algorithms in detail, we first introduce the concept
of Bayesian Statistics to ground the discussion in bayesian mathematics in section 3.2.1.
We then present Covariance Matrix Adaptation Evolution Strategy in section 3.2.2 and
Maximum Likelihood Estimation in section 3.2.3 below.
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3.2.1 Bayesian Statistics

Bayesian statistics defines a statistical model of conditional probabilities where the updates
to the model are rooted in observational data using Bayes theorem [30]. Specifically,
Bayesian statistics quantifies the conditional probability model as the degree of confidence
in a hypothesis (H) given a particular evidence (E). This differs starkly from the frequentist
interpretation of probability, where the probability of hypothesis is derived by counting the
frequency of events in which the hypothesis is true, with the number of trials — oo.

We now explain the Bayes theorem with an example motivated from [$1]. Our goal in
this example is to estimate the probability that a particular hypothesis (H) is true given
some evidence (E). For simplicity we limit both hypothesis and evidence to be binary
classes, as shown in Equations 3.9 and 3.10 respectively.

P(E;) = ~P(E) (3.9)

P(H,) = ~P(H>)
P(H,) = —P(H,) (3.10)
P(H,) + P(Hy) =1

Bayes theorem helps calculate the probability that a particular hypothesis (H1) is true
given a particular evidence (E2). Mathematically, it is coined as P(H; | E;). We explain
the formulation with the help of Figure 3.4 where our total sample size is T. Out of them,
P(H,) is the proportion of T where the hypothesis H; is true and P(Hs) is the proportion
of T where the hypothesis Hs is true. Further, within Hy, P(FE, | Hy) is the proportion
of samples showing evidence E,. Similarly, within Hy, P(FEy | Hs) is the proportion of
samples showing evidence E5. As a result, we can simply brake down our original goal of
finding P(H,; | E») as the ratio of samples within H; showing evidence Es, divided by the
total number of samples showing evidence F,. We show this formulation below in Equation
3.11.
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Figure 3.4: A representative example of a sample space consisting of complimentary hy-
pothesis and evidence sets. The green boxes corresponds to all samples satisfying hypoth-
esis Hy, with darker green boxes further showing evidence F,. Similarly, the orange
boxes corresponds to all samples satisfying hypothesis Hy, with darker orange boxes
further showing evidence Fj.

T-P(H,)-P(Es| H)
PUR ) = 5 b0,y P (B ) + TP ()P (B )
P(H,)-P(Bul )
P(H1)'P(E2|H1) + P(Hz)'P(E2|H2)

(3.11)
P(Hy | Ey) =

The denominator in Equation 3.11 is simply the probability of Fs being true. As a
result, the final form of Bayes theorem is Equation 3.12 below.
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P(H,)-P(Ey|H,)
P(E5)

3.2.2 Covariance Matrix Adaptation Evolution Strategy

Covariance Matrix Adaptation Evolution Strategy (CMA-ES) is a gradient free and stochas-
tic solver for non-convex (neither convex nor concave) and continuous objective functions.
The ability to manipulate continuous parameters allows optimization of NoC design pa-
rameters that are continuous in nature. For example, we optimize the regulation rate of
each traffic trace in an application specific manner in Chapter 6.

CMA-ES projects the parameters of the objective function as a multivariate gaussian
distribution with mean x € RY and covariance matrix o € RM" where N is the dimension
of the search space. Convergence using CMA-ES is achieved over a number of evolution
steps (also called generations), where the parameters of the gaussian distribution are up-
dated in each step using the equations below:

A—1
1
pt =t 4 o) wiald — )} (3.13)
1=0
c—-1 c—-1 .
ot = (1 —¢ —cy Z w;)o? + credtled ™" ey Z wiyleyle (3.14)
=0 rank one update i=0 ,

~
rank A\ update

Equations 3.13 and 3.14 list down the functions to update the mean and covariance
parameters respectively of the multivariate gaussian distribution. We now unpack these
equations.

For generation (or step) g, the CMA-ES solver first samples the multivariate gaussian
distribution (with mean p? and covariance 9) C' times to generate C' different set of poten-
tial parameters. In line with the genetic inspired naming convention, these C' candidates
are also called the population of generation g. Each candidate is tested on the objective
function being optimised and the entire population is performance ranked. The top A
performing candidates in generation g are used to evolve the mean p9™ and covariance
09! for the next generation g + 1. The mean of the multivariate distribution (Equation

3.13) is updated as a weighted w; sum of best performing candidates :Uffgl in generation
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g+ 1. The a{32" wi(z%5" — p9)} looks very similar to the traditional back-propagation
step with « being the learning rate.

The covariance matrix o9 (Equation 3.14) is updated as a recombination of evolution
path e (sequence of steps the solver took over the past horizon), current estimated covari-
ance y9t! (yif = IQEIT_”Q, s is step size) and current covariance 9. The step pertaining
to rank one update is able to exploit correlations between generations to counter strong
biases induced by estimated covariance when a generation has a very small population size.
On the other hand, rank A update can be especially important to extract information from
the entire population when the population is large enough for the distribution to remain
fairly unbiased. A weighted balance of both can be then controlled by learning rates ¢; for
rank 1 updates and ¢, for rank A updates. We refer the reader to [32] for the complete set
of steps that make up the CMA solver.

It is important to note that CMA-ES is not particularly efficient at solving discrete
problems where, instead of predicting a set of continuous parameters, we need to find a
discrete set of parameters. This is evidenced by CMA-ES not being the most efficient solver
for the discrete problem of switch discovery in Chapter 5 ([2]). This can be attributed to
the mandated sectioning of the continuous multivariate gaussian distribution into non-
overlapping sub spaces for discrete optimization problems. Hence, a solver like Maximum
Likelihood Estimation of section 3.2.3 is needed to generate categorical labels for discrete
optimization problems.

In this work, we leverage CMA-ES to learn regulation rates for maximising routing
performance of hybrid HopliteBuf/BP NoCs for the given FPGA application.

3.2.3 Maximum Likelihood Estimation

A discretized search space is characterized by each parameter in the search space belonging
to a distinct set of classes. For example, the switch learning problem of Chapter 5 (]2])
involves learning switch classification between HopliteBuf and HopliteBP modes of oper-
ations, for each switch in the NoC. Likelihood based statistical inference is a promising
approach that allows for sampling, and based on observed data, evolving discrete proba-
bility distributions. The goal of likelihood based statistical inference is to find the best
parameters of a pre-assumed distribution that fits the observed data.

Maximum Likelihood Estimation (MLE) based solvers generate solutions by sampling
discrete probability distributions. The type of the probability distribution should reflect
the solution type being searched for and can greatly influence the convergence effort. For
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example, a Bernoulli distribution is best composed for a binary classification problem.
Once the probability distribution is selected, MLE tunes the parameters of the distribution
such that the probability of generating the best performing solutions is maximised. By
casting the problem onto discrete probability distributions best reflecting the problem,
MLE based solvers do not require any artificial chunking of the solution space, and are by
design more compatible with discretized search spaces (when compared to a continuous
solver like CMA-ES). Note that while Maximum Likelihood Estimation can help find the
distribution parameters that best fit the observed data, it does not answer whether the
chosen distribution is the best option to fit the data.

Similar to CMA-ES, MLE solvers converge towards the global optimum through a series
of evolution steps with each evolution step marked by sampling of the current generation
of probability distribution to produce a population of candidates. The best performing
candidates of a generation are then used to seed the distribution parameters of the next
generation. We formalise and explain each step of the process below.

L(X{|69TY) = P(2, 25...2]09) (3.15)
In{L(X{|091)} = In{P(z{, 2§...23|09T)} (3.16)

d[in{L(X3161)}] _ dlin{ P(af, 2§...a5]6°")}]
dfo+1 o dOs+1

=0 (3.17)

Equation 3.15 defines the likelihood of the best performing samples set Xy = (27, 5...2%)

being generated by sampling of the discrete probability distribution parameterised by #9+!
for generation g + 1. The best performing set is selected by generating C' candidates by
sampling the probability distribution using parameters 69. Each of the discrete candidate
solutions are tested for performance on the objective function and ranked. The \ top per-
forming candidates X§ are then selected for defining the likelihood function of Equation
3.15. Joint probability for a large A can be numerically unstable so we apply logarithmic
transformation to the likelihood function in Equation 3.16. Finally, given we are trying to
maximise the likelihood of the best performing solutions being generated when sampled
in generation g + 1, we can differentiate the function with respect to 97! in Equation
3.17. Section 5.5 reintroduces these equations from the perspective of using a Bernoulli
distribution to learn switch configurations of the Hoplite NoC.

We use Maximum Likelihood based Estimation for the following use-cases in this work:
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e Chapter 5: Designing application specific HopliteBuf/BP NoC designs where the
switch configuration is learnt on a per-switch basis.

e Chapter 6: Learning the upstream routing paths for Butterfly Fat Trees, optimized
to maximise performance for the given FPGA application.
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Chapter 4

Butterfly Fat Tree FPGA Overlay
NoCs

FPGA overlay networks-on-chip (NoCs) based on Butterfly Fat Tree (BFT) topology and
lightweight flow control can outperform state-of-the-art FPGA NoCs, such as Hoplite and
others, on metrics such as throughput, latency, cost and power efficiency, and features such
as in-order delivery and bounded packet delivery times. On one hand, lightweight FPGA
NoCs built on the principle of bufferless deflection routing, such as Hoplite, can deliver low
LUT cost implementations but sacrifice crucial features such as in-order delivery, livelock
freedom, and bounds on delivery times. On the other hand, capable conventional NoCs
like CONNECT provide these features but are significantly more expensive in LUT cost.
Butterfly Fat Trees with lightweight flow control can deliver these features at medium cost
while providing bandwidth configuration flexibility to the developer. We design FPGA-
friendly routers with (1) latency-insensitive interfaces, coupled with (2) deterministic rout-
ing policy, and (3) round-robin scheduling at NoC ports to develop switches that take
311-375 LUTs/router. We evaluate our NoC under various conditions including synthetic
and real-world workloads to deliver resource-proportional throughput and latency wins
over competing NoCs, while significantly improving dynamic power consumption when
compared to deflection-routed NoCs. We also explore the bandwidth customizability of
the BFT organization to identify best NoC configurations for resource-constrained and
application-requirement constrained scenarios.
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4.1 Introduction

Overlay NoCs complement hardened NoC resources by providing much-needed configura-
bility and last-mile connectivity options to the FPGA developer. The design of efficient
overlay NoCs can also help us customize the programmable nature of FPGA resources to
different FPGA application requirements. Overlay NoCs such as Hoplite [33] demonstrate
a radically different approach towards NoC design for FPGAs built around deflection rout-
ing principles that are low-cost and significantly better in cost and throughput compared
to contemporary alternatives such as CMU CONNECT [61] and Penn Split-Merge [31]
designs. However, deflection-routed NoCs are prone to livelock, unable to deliver pack-
ets in-order, and impose reordering cost on the destination. Deflection-Routed Butterfly
Fat Trees [30] do marginally better by allowing the bisection bandwidth of the NoC to
be customized to match application requirements, but otherwise suffer from rest of the
compromises of a deflection-routed design.

System 10 B
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[_] L 28 B Ju Ju Ju A J

Deep Pipelining + ]

Absorption FIFOs

A
D Pi Switch O T Switch O Datapath

Figure 4.1: High-Level Picture of the Butterfly Fat Tree (BFT) NoC. Configurable bi-
section bandwidth N? with p=Rent parameter. Deterministic A — B path highlighted.
Parametric pipelining of long wires in upper tree stages.

In this work, we show how to design an in-order, low-cost, FPGA-friendly Butterfly Fat
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Tree (BFT) NoC that supports customization of bisection bandwidth, without suffering
the compromises of a deflection-routed NoC, while exploiting FPGA-specific features. As
shown in Figure 4.1, we can configure the bisection bandwidth of the NoC by choosing a
combination of pi () and ¢ (O0) switches. This is in stark contrast to the Fat Tree topology
option in CMU CONNECT (1] that does not provide this parameterization and has a rigid
organization. We add deterministic routing support to the Fat Tree routing algorithm to
ensure packet flow between a source-destination endpoint takes identical paths. This is
highlighted by a candidate path from A—B in Figure 4.1 which takes that strict path even
when the pi switch hops provide alternatives on the uphill climb. We adopt a lightweight
latency-insensitive interface on the NoC ports to (1) ensure packets are delivered in-order,
(2) do not suffer the penalty of deflections, and (3) are AXI-S compatible. We augment the
latency-insensitive interfaces with absorption FIFOs to allow deep pipelining in the upper
stages of the tree, illustrated as ———1 in Figure 4.1.

They key contributions of this work include:

e Design and RTL implementation of BE'T NoC routers with latency-insensitive AXI-S
1/0O, deterministic routing function, round-robin arbitration, LUT-fracturing friendly
mapping, and NoC assembly with configurable bisection bandwidth tuning and op-
tional pipelining support.

e Performance evaluation of the different NoC configurations under synthetic and real
workloads. Measurement and analysis of sustained throughput, average latency,
worst-case latency, power reduction due to avoided deflections.

e FPGA floorplanning and mapping characterization of resource cost, frequency, and
dynamic power.

4.2 Motivation

Modern FPGA 10 interfaces include high-bandwidth DDR4 memories (21.3 GB/s), HBM
memories (460-480 GB/s), along with next-generation network ports (100-400 Gbps).
Besides matching the high data rates of these system-level interconnect, we often require
guarantees on ordering, latency, and synchronization on these communication channels.
These growing connectivity requirements have long suggested a need for low-cost, high-
bandwidth overlay NoCs [83] or hardened NoCs [85] for FPGA chips. In fact, the HBM
AXI IP [14] for the Xilinx VU37P integrates two 16x16 256b AXI crossbars to ensure
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uniform access to the HBM memory stack. Beyond one-off solutions for such interfaces,
we need FPGA overlay and hard NoCs to support intra-FPGA traffic patterns.

Deflection-routed NoCs such as Hoplite [33] [36] and BFTs [36] have upended conven-
tional wisdom in the design and engineering of FPGA overlay NoCs. We refer the reader to
sections 2.4 and 2.5 for background information on these NoCs. These NoCs are low-cost,
FPGA-friendly solutions that emphasize economy of LUT usage while sacrificing other fea-
tures of the communication network. Fully-featured NoC frameworks like CONNECT [(1]
provides developers with a host of choices including topology, buffering, virtual channel
support, flow control options, and others to match developer requirements but do so at
significant LUT expense. Off-the-shelf IPs such as the Xilinx AXI4-Stream Interconnect
exploit mux cascades in Xilinx logic fabric to deliver monolithic AXI-compatible router
blocks but have limited scalability (16-endpoints) and poor scheduling.

e Implementation Cost: Deflection-routed NoCs are significantly cheaper to realize
on FPGAs and even on ASICs [87]. By avoiding the use of buffers, Hoplite and
Deflection-routed BFTs offer a cheaper alternative to classic buffered NoCs. They
are easier to pipeline owing to fewer logic stages in the internal crossbar and can
easily run at high speeds subject to appropriate pipelining. However, deflections
keep the NoC switching activity high by forcing the packets to keep traveling in the
network.

e Performance: Deflection routing offers high absolute throughput when consider-
ing implementation frequency (GB/s) but low relative throughputs (packets/cycle).
They also suffer from higher worst-case routing latency due to the overhead of de-
flections. In contrast, conventional NoCs like CONNECT supports higher packet
throughput (packets/cycle) but suffers on absolute throughput metrics (GB/s) due
to significantly lower implementation frequency (fa:). The Xilinx AXI4-Stream
Interconnect IP only scales to 16 endpoints but offers competitive throughput.

e Packet Delivery: Deflection routers are unable to offer in-order packet delivery
due to the unpredictable order of deflections. Deflection routers misroute packets
along unintended directions to manage contention without the need for buffering. It
is possible to provide ordering in presence of deflection [35] at the cost of a sig-
nificant reduction in throughput. Stateful streaming FPGA applications require or-
dered packet delivery and ordered DMA transactions on external DRAMs. Deflection
routed NoCs are also susceptible to livelocks where unlucky packets keep getting
misrouted perpetually. While this behavior is very uncommon, even a possibility
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of a livelock makes the design of coherence protocols, implementation of synchro-
nization operations on FPGAs, and realization of real-time applications with strict
timing guarantees difficult. Conventional buffered NoCs like CONNECT, and Xilinx
AXI4-Stream Interconnect IP can provide in-order delivery at great cost.

4.3 BFTs with lightweight flow-control

Butterfly Fat Trees offer a configurable platform for the design of FPGA-friendly NoCs.
Conventional buffered variants offered by CONNECT are too large and slow, while buffer-
less deflection-routed variants are cheaper but suffer from livelocks, lower packet through-
puts and absence of bounds on packet delivery. Can we retain the features of a buffered
NoC' while approaching the low cost potential of bufferless deflection-routed NoCs? Let us
find out by first understanding the root causes of problems on deflection routed BFTs.
Then we will walk through the proposal for rectifying these limitations with our BF'T NoC
design that employs lightweight flow control.

4.3.1 Designing the BFT Switch Micro-architecture

The broad design goals for the switch include in-order delivery, livelock freedom, and
bounded routing times.

Quest for Deterministic Routing As discussed in Chapter 2.4, the key feature of
the classic BFT routing policy allows packets routing via pi switches to choose uphill routes
as required, depending on local congestion. This baseline switch, shown in Figure 4.2 (a)
costs us 2 2:1 multiplexers (uphill ports), and 2 3:1 multiplexers (downhill ports). Even
if the 10 ports are buffered [39], the NoC still delivers packets out-of-order as the uphill
ports still provide two choices at each climb. This generous routing freedom can lead to
packet reordering that is typically handled with reassembly buffers at the endpoints. If
the ports are bufferless [30], with a suitable choice of routing algorithm, the NoC switches
are low-cost but, as discussed previously, guarantee neither packet ordering nor livelock
freedom. Instead, we can strategically limit this freedom of path selection while distributing
bandwidth fairly across the NoC. For data-center BFT networks, deterministic routing can
be enforced [90] by scattering packets based on destination address. This is applicable to
larger-scale networks as the cost of switch has already been paid and no optimization
of switch richness is necessary. Instead, for an efficient FPGA mapping, we investigate
LUT-friendly deterministic routing choices as shown in Figure 4.2.
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Figure 4.2: Pruning the pi switch to enforce deterministic routing policy and save multi-
plexing cost.

e We can limit routing freedom by pruning the downhill muxes and forcing packets
to strictly take U0 — L and U1l — R paths as shown in Figure 4.2b. This reduces
the LUT mapping cost of the switch to 2 2:1 multiplexers (uphill ports) and 2 2:1
multiplexers (downhill ports).

o Alternatively, we can restrict uphill packets to take L — U0 and R — U1 paths as
shown in Figure 4.2c. This will eliminate the uphill multiplexers entirely. We now
only need to pay the cost of 2 3:1 multiplexers for the downhill ports.
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Figure 4.3: Livelock in BFTs: mixing deflection and determinism.

By restricting routing freedom, packets take deterministic paths along the tree and
packets for a particular source-destination pair will travel along identical routes in the
tree.

However, if we add this restriction to deflection-routed BFTs, the NoC' loses livelock
freedom. A concrete example of this manifestation is shown in Figure 4.3. In this example,
the red path is forced to take L — UO route at 0,0 and blue path must take R — U1
at 1,0 thereby creating a cyclic dependency. The and downhill paths also
have a fixed route during BFT descents. The four co-dependent flows can lead to livelock.
Deflection-routed BF'T's force packets to return along the arriving links and create a local
dependency on the output resource. When we enforce uphill routing restrictions, packets
no longer have the ability to route around congestion. Recall, that during BFT routing,
downhill paths are already constrained to a specific path based on the destination address.
If a set of packet flows request resources in a cyclic fashion, they are now susceptible to a
livelock that previously did not exist under the relaxed routing policy of the BFT NoC.

Quest for Low-Cost Handshaking: The key to breaking cyclic livelocks is to elim-
inate the dependency on the deflected outgoing port. Instead of sharing the outgoing port
for both deflected packets and nominally routed packets, we choose to use a lightweight
latency-insensitive interface for handling contentions, as shown in Figure 4.4. With latency-
insensitive protocol, the contending packet is stored in a shadow register at the input port
itself rather than deflecting it on the output port. This removes the dependence on the
output port and eliminates livelock. This makes the NoC handshake-driven (valid, back-
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pressure protocol) rather than built on deflection-routing principles. Previous embod-
iments of this handshake [91] suffered from some key limitations. They were (1) mapped
to cheap SRL FIFOs but limited by the logic cost of complex flow control, (b) throttled
throughput by 50% to simplify the control logic for handshaking, and (¢) compromised
frequency of the mapped design in the quest for low LUT footprint. Neither of these al-
ternatives are effective for NoCs where the cost of every extra LUT matters. We adapt
the latency insensitive interface to compose seamlessly with the multiplexing stage of our
internal switching crossbar to lower overheads. A side-effect of the adoption of handshak-
ing, combined with the proposed deterministic routing, also enforces ordering guarantees
on the packets in addition to livelock-free deterministic routing.

Round-Robin Arbitration: The final piece of the puzzle is the choice of arbitration
policy. We manage contentions using a fair, work-efficient arbiter that provides service
to contending packets in a round-robin fashion. Since packets are not deflected, they
just stay in the shadow registers, service is guaranteed and no local livelocks are possible.
Conventionally deflection-routed NoCs [36] can suffer from local livelocks due to mismatch
between pipelining latency on the link and service cycle period of the round robin arbiter.

4.3.2 FPGA Mapping

We now investigate the FPGA LUT cost and implementation frequency of the differ-
ent BFT router variants in Table 4.1 for the Xilinx UltraScale+ VU9P FPGA with Vi-
vado 2017.4 running synthesis, placement and routing. In contrast to the Deflection BFT
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router [30], we introduce a lightweight shadow register module and a different round robin
arbiter. For the pi switch proposed in this work with deterministic uphill paths, we are
able to save the cost of the muxes but still need to pay for the latency insensitive inter-
face blocks. Thus, our proposed t and pi switches are 1.5-3x larger than their vanilla
deflection-oriented counterparts but provide 1.) livelock-free routing, 2.) in-order delivery,
and 3.) a many-fold increase in throughput, latency and power performance, as illustrated
in Section 4.4. We also augment our lightweight router with deep pipelining along the
links supported with lightweight 32-deep absorption SRL FIFOs. This further increases
area cost by 1.5x and drops frequency slightly. Later, we see in Section 4.4, that the
designer may choose between wire-rich or LUT-rich alternatives for a given workload.

In contrast to a recent [92] partial-reconfiguration friendly implementation of a 32-node
64b deflection-routed BFT taking 29K LUTSs on a Xilinx ZUIEG MPSoC, our topology
takes ~30K LUTs on a VU9P FPGA and provides multiple extra benefits in exchange for
the modest increase in LUTs and identical wiring requirement.

Table 4.1: BFT ¢ and pi switch cost (32b data + 4b addr).

Architecture Kind LUTs FFs Freq. (MHz)
Deflection BFT t 122 146 1176
[36] pi 207 145 965
This work t 311 216 780
i 375 288 881
This work t 530 282 751
+ SRL FIFOs [91, 89] pi 548 378 875

4.4 Results

In this section, we report the outcomes of the experimental evaluation of the our Flow-
controlled BFT FPGA overlay NoCs and other contemporary NoCs under different traffic
patterns. We quantify metrics such as throughput, latency (source queuing—+inflight),
resource cost and power. We aim to establish the trade-offs between the different NoCs
and how to choose between them under various constraints.

Experimental Setup: For synthetic workloads, we investigate uniform random and
locality-aware traffic patterns that send single-flit messages (1024 packets/client). We ex-
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tract real-world traces from FPGA accelerators for Sparse matrix-vector multiplication,
graph processing, and Token LU factorization graphs with 10K-1M messages/benchmark.
We identify Hoplite, Deflection BFT, CMU CONNECT, and Xilinx AXI4-Stream Inter-
connect (IC) as the set of NoCs for head-to-head comparison across a range of system
sizes from 2-64. For the Flow-controlled BFT, we choose four configurations (BFT0-3)
between and inclusive of the binary tree (BFTO, all ¢ switches) and multi-stage crossbar
topologies (BFT3, all pi switches). We mimic similar four BFT configurations from the
Deflection BFT work [36] (TREE, MESHO, MESH1, and XBAR), shown previously in
Figure 2.2. The CMU CONNECT BFT is configured to have 8-deep buffers, peek flow
control, and separable input-first round-robin arbitration to closely match our testing con-
ditions. We run cycle-accurate simulations using a combination of iverilog, verilator, and
Xsim as required by the different NoCs. All hardware mapping experiments targeted the
Xilinx UltraScale+ VU9IP FPGA (xcvu9p-flga2104) with a -3-e speed grade using Vivado
2017.4 under default synthesis and implementation settings. We floorplan the NoCs to
span the chip dimensions and optimize layout for wiring distribution, allowing us to accu-
rately measure the impact of the NoC, in isolation, on the placement and routing of FPGA
resources.

4.4.1 Cost-Power-Performance Tradeoffs

In Figure 4.5a, we show sustained throughput (packets/ns) as a function of LUT utilization
at 16 client system size. It is clear that Hoplite has the smallest LUT footprint of all NoCs,
but the superior bisection bandwidth of the BF'T NoCs help boost their sustained rates by
as much as 3x over Hoplite. The BFT proposed in this work is more expensive than the
deflection variant by 1.5-2x but delivers 1.5x better throughput in exchange. The CMU
CONNECT NoC is significantly more expensive (1.5-3x) than the BFT NoCs and delivers
1.8x lower throughput, while the Xilinx IC has remarkably poor 6x less throughput than
our BFTs.

It may seem tempting to exploit the low-cost nature of Hoplite to create replicas of
the NoC and use it instead of paying for the more expensive BFT. In Figure 4.5b, we
quantify the fallacy of this thinking. The baseline Hoplite design consumes 1.1K LUTSs
compared to the 10K LUTs of our fully-feature BFT. For RANDOM workload with 100%
injection rate, we observe that multi-channel Hoplite with 3 channels is able to deliver a
better throughput result compared to a BFTO NoC. As we scale channel count, the Hoplite
throughput saturates and is not competitive with rest of the BE'T NoC configurations. This
is for two reasons: (1) a drop in implementation frequency as we add more wires to the
multi-channel NoC, and (2) ejection bottleneck where packets try to exit the NoC from
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the multiple channels. Thus, a bisection configurable network like a BFT offers better use
of wiring resources than naive replication of a low-cost topology.
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Figure 4.5: FPGA LUT cost-performance trends for different NoCs. 16 clients, RANDOM
traffic at 100% injection.

Next, we investigate power-throughput tradeoffs to primarily quantify the benefit of
avoiding deflections. We expect the use of lightweight handshakes to eliminate the switch-
ing activity due to deflections. We compute dynamic power using Xilinx Xpower by
supplying switching activity rates. We extract these switching activity rates from simu-
lation data. In Figure 4.6a, for RANDOM workloads at 100% injection rate, we observe
a simultaneous 1.1-1.2x reduction in dynamic power and 1.1-1.5x boost in throughput
when comparing our BFTs with their deflection variants. While Hoplite has low dynamic
power due to its dramatically lower LUT cost, it has high switching activity and struggles
to meet the throughput capabilities of the BFT NoC.

In Figure 4.6b we measure switching activity as a function of system size for RANDOM
workloads at 100% injection rate. As expected, deflection-based topologies like Hoplite and
Deflection BFTs are characterized by high 60-80% activity rates. Our BFTs exhibits the
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low switching rates of 40-50%. The Xilinx IC is a single-stage crossbar and thereby exhibits
the lowest activity rates.
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Figure 4.6: FPGA Dynamic Power-performance trends for different NoCs. 16 clients,
RANDOM traffic at 100% injection.

4.4.2 Understanding FPGA Mapping Trends

To understand the source of these LUT cost efficiency trends, we now investigate the LUT
implementation cost and operating frequency of the different NoC configurations.

In Figure 4.7a, we implement the different NoCs with 32b datawidth and scale PE
counts. We observe that our BFT is the fastest NoC and runs as fast as 700 MHz (2-8
PEs) and degrades to 500 MHz (64 PEs). It is also better than the deflection variant of
the BF'T by ~1.25x. The Hoplite frequency generally keeps pace with the BFT and only
slows down at larger system sizes. With aggressive link pipelining even at large system
sizes, it is possible to achieve frequency-parity between Hoplite and BFT topologies. The
CMU interconnect is the slowest NoC in this comparison due to complex router micro-
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Figure 4.7: FPGA frequency characterization as a function of system size and datawidth.

architecture. The Xilinx AXI4-Stream Interconnect is fast at small system sizes but its
frequency drops to 400 MHz at 16 clients due to a simple, low-cost design.

In Figure 4.7b, we scale the datawidth of the NoC with 16 clients. As expected, all
NoCs suffer a frequency drop with widening links consuming more FPGA resources. Below
128b links the BF'T NoC proposed in this work offers the highest frequency across the set
of NoCs. As we scale beyond 128b, the frequency of Hoplite and Xilinx AXI4-Stream
interconnect is faster at around 500 MHz while the BE'T drops to around 300 MHz. Note
that with aggressive pipelining (extra register cost) of the links all NoCs can be made
to achieve similar operating frequencies, conditional upon availability of registers in the
FPGA fabric. Certain FPGA architectures, like Intel’s Hyperflex based line of FPGAs,
also provision for dedicated pipelining registers in the programmable fabric outside the
standard set of registers, allowing for a 1.3-1.6x increase in implementation frequency at
no extra cost [93]. While additional pipelining will not affect the cycles-based throughput
of the NoC, it will regress the cycles-based routing latency since packets will have to hop
over increased number of links to reach their destination PE.
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4.4.3 Effect of Injection Rate of Synthetic Traffic

When considering synthetic traffic patterns, we must examine the effect of injecting pack-
ets into the NoC at varying rates and measure sustained rates and average latency at
saturation.

For RANDOM (Figure 4.8a) and LOCAL (Figure 4.8b) workloads, on a 16 client
system, the BF'T NoC outperforms all other NoCs in our comparison by 1.5-2 x (worst
case) and by 3-6x (best case). The key reason for this difference is the ability of our
NoC to avoid the penalty of deflections (Hoplite, Deflection BFT), faster frequency (CMU
CONNECT), and fairer arbitration (Xilinx AXI4-Stream Interconnect). As expected, the
LOCAL traffic pattern suits the BF'T architecture nicely as locality in the communication
trace matches the hierarchical structure of the NoC.

Throughput (packets/ns)
PNWPAMOOIOONO

25 50 75 10C 25 50 75 100
Injection Rate (%) Injection Rate (%)
(a) RANDOM traffic (b) LOCAL traffic

CMU + Deflection XBAR * Hoplite + BFT3 ¢ Xilinx IC

Figure 4.8: Sustained Throughput trends for different NoCs for 16 clients and for RAN-
DOM and LOCAL traffic patterns.

In Figure 4.9a, we investigate the latency distribution trends of the different NoCs for
64 clients with RANDOM traffic and 100% injection rate. The long tail distribution of
deflection-routed Hoplite NoC is clearly evident in this plot. We are able to marginally
outperform the buffered CMU CONNECT NoC by 1.1x due to a faster implementation
frequency of our design. We are also 1.7x better than a Deflection BFT.
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In Figure 4.9b, we plot average latency (before network saturation) for varying injection
rates under RANDOM traffic. As expected, deflection-routed NoCs like Hoplite saturate
very quickly at 2% injection rate. The CMU CONNECT NoC delivers much better average
latency behavior due to buffers. However, the BF'T NoCs are ultimately superior due to
richer wiring bandwidth of the upper stages.

4.4.4 Effect of System Size

In Figure 4.10, we quantify the effect of PE scaling on NoC throughput and worst-case
latency for synthetic (RANDOM) and real (geometric mean of various benchmarks) work-
loads at 100% injection rate. The flow controlled BF'T NoC is the clear winner with highest
throughputs for both synthetic and real traffic and the lowest worst-case packet routing
latencies.
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Figure 4.9: NoC packet latency trends for 64 client NoCs using RANDOM traffic pattern.

The sustained throughput of our proposed BFT is able to outperform CONNECT by
1.75% and the deflection variant (XBAR) by 1.4x at 64 clients with RANDOM workload.
For real workloads the gap is similar at 1.8x (vs CONNECT) and 1.2x (vs deflection vari-
ant) suggesting that the wins hold even for realistic traffic patterns. Deflection overheads
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eventually choke Hoplite and yield low sustained throughputs and longer packet laten-
cies. CMU CONNECT is a buffered NoC and should offer higher throughputs but suffers
from lower operating frequencies as observed previously in Figure 4.7a. The Xilinx AXI4-
Stream Interconnect does not scale beyond 16 clients, and suffers from high contention due
to single-stage design and lower frequency.

The worst-case latency wins for the BFT under synthetic RANDOM traffic are as large
at 6x over deflection-prone Hoplite and Xilinx AXI4-Stream interconnect while as larger
as 1.5x when compared to deflection XBAR and CMU CONNECT. We see a similar trend
for real workloads (geomean), where the latency gap is 1.5- 2.3x smaller than other NoCs.
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Figure 4.10: PE scaling impact on throughput and worst-case latency for RANDOM and
real workloads (geomean).

4.4.5 Routing Realistic Workloads

We evaluate 64 client systems running realistic FPGA accelerator workloads and show sus-
tained throughput and worst-case latency in Figures 4.11 and 4.12. These communication
traces for real workloads have 1K-1.5M packets depending on the dataset. We exclude
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Xilinx AXI4-Stream Interconnect since it does not scale beyond 16 clients.

For Sparse Matrix-Vector Multiplication (SpMV) workload shown in Figure 4.11a, our
BFT NoC is able to outperform CMU CONNECT by 2-2.35x%, deflection routed XBAR
by nearly 1.2 —1.5x and Hoplite by 1.8-3.2x. Graph Analytics workloads , shown in Fig-
ure 4.12a, have a high degree of locality which allows our BFT to outperform CONNECT
by 1.25-2 x, deflection XBAR by 1.65-2.25x, and Hoplite by 1.7x.
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Figure 4.11: Throughput-Latency trends for REAL SpMYV traffic.

We measure worst-case end-to-end latency (source queueing + in-flight) for routing
realistic workloads. The worst-case latency figure is scaled with the CMU CONNECT
latency as baseline. Our BFT is able to reduce worst-case latency for SpMV workloads
shown in Figure 4.11b by around 2.3x over CONNECT , 1.5x over Deflection XBAR
and 3x over Hoplite. For Graph analytics, shown in Figure 4.12b, the latency wins range
between 1.1-2x over CONNECT and 1.1-1.7 x over Deflection BFT. The stanford and
amazon workload graphs have extremely high locality with very little message communi-
cation over the NoC (most messages ~80% stay in the same client). Hence, the routing
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latency observed is in the order of a few cycles due to very light NoC injection rate. Hoplite
outperforms our BFTs for Graph analytic workloads such as wiki, soc and human, but
not on throughput as we saw previously on Figure 4.12a.
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Figure 4.12: Throughput-Latency trends for REAL Graph traffic.

4.4.6 Choosing a BFT that is best for you

Constrained by cost: Given a particular resource and power budget , we hope to show
how to select a particular BF'T topology and its associated bisection bandwidth richness.
We consider four configurations with richness varying between a binary tree to a multi-stage
crossbar. We evaluate the NoCs under RANDOM traffic and 100% injection rate.
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Figure 4.13: Selecting the BFT that is right for you. Evaluating FPGA LUT cost and
Dynamic Power tradeoffs for different system sizes, RANDOM traffic pattern.

In both Figure 4.13a (area) and Figure 4.13b (power), we see three regions of operation:

e In the first region below 10K LUTs (1 Watt), there is little to distinguish between
the variants in terms of throughput, so the BETO topology (binary tree) is adequate.

e In the second region, between 10-20K LUTs (1 to 2.5 Watts), the BFT topology that
matches the bisection bandwidth of a mesh (BFT2) offers the best result.
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e In the extreme case where resource costs are not a factor >20K LUTs (2.5 Watts),
the BFT3 (multi-stage crossbar) is best.

Constrained by application locality: We provide further insight by analyzing the
effect of locality on topology selection. For this experiment, we vary the locality parameter
SIGMA of our synthetic workloads from 1 (nearest neighbor) to v/N (uniform RANDOM),
for a topology with system size N. The locality parameter restricts the destination address
of a packet to lie within the SIGMA XSIGMA rectangle of the source address. We plot
observations for N=16 and N=64 in Figure 4.13c and Figure 4.13d respectively. For nearest
neighbor style communication, all topologies perform equally well due to little contention
among packets. As packets travel larger distances, the degree of contention in the NoC
increases and richer topologies like BFT2 and BFT3 perform better. An important obser-
vation here is that BFT3 is matched in performance by BFT2, suggesting that the BFT3
(multi-stage) topology is excessive and not needed for real-world locality.

4.4.7 Analyzing BFTs with SRL FIFOs

Conventional BFT NoCs [89, (1] use buffers along the links of the tree to hold contending
packets. We wish to evaluate the effectiveness of this approach. We have previously
quantified the effect of adding 32-deep SRL FIFOs in Table 4.1 and concluded that they
increase cost by 1.5x.

The number of pipeline stages are doubled every two levels to account for longer wires
at the top assuming an H-tree layout. We analyze two pipeline configurations with one
and two pipeline registers at the leaf nodes used for seeding the doubling every two levels.

Figure 4.14a shows sustained throughput (packets/s) as a function of LUT utilization
for two pipeline configurations: 1-1-2-2-4-4 and 2-2-4-4-8-8 for a NoC of system size 64.
For 1-1-2-2-4-4  this means a single register at levels 1 and 2 of the BFT, 2 registers at
levels 3 and 4 of the BF'T, 4 registers at levels 5 and 6 of the BFT. For 2-2-4-4-8-8, the
registers are twice as many as 1-1-2-2-4-4 at every level. Refer to Figure 2.2 to refresh on
the levels in a BFT. We compare these configuration against our flow-controlled BFT by
injecting RANDOM traffic at 100% rate. We observe that the buffered BFTs offer higher
throughput but at a disproportionate increase in cost. For instance, we can slightly exceed
the throughput of a Buffered BFT2 design with a richer flow-controlled BFT3 design while
needing fewer LUT resources. This allows us to tradeoff wiring bandwidth for improved
performance. FPGA developers who wish to further boost performance of the BFT3 design
can certainly add buffering to do so. Another observation here is that over-pipelining the
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links hurts rather than helping the NoC, with the 1-1-2-2-4-4 design consuming fewer
LUTs and sustaining higher throughput.
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Figure 4.14: FPGA LUT cost and Dynamic Power tradeoffs for different NoC configura-
tions. 64 clients, RANDOM traffic at 100% injection rate

Figure 4.14b captures the power-throughput tradeoffs for the same NoC configurations.
Again, we observe that the buffered NoCs consume more dynamic power due to the in-
creased activity of the FIFO resources and associated link pipelines. The buffered BFT2
is again delivering lower throughput while consuming more power than the flow-controlled
BFT3 design.

Thus, wire-rich flow-controlled BFTs offer a better alternative to buffered BFT NoCs
when considering resource costs as well as power consumption. It remains to be seen
whether these conclusions will apply to the Intel Stratix-10 Hyperflex register fabric. It
is a different cost model than the LUT-oriented pipelining implementations explored here,
and will be studied as part of future work.
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4.5 Conclusions

We show how to construct FPGA-friendly BFT NoCs with lightweight flow control to
deliver improved throughput, and latency outcomes while adding in-order delivery and
bounded delivery on routing time. In contrast to contemporary FPGA NoCs like Hoplite
and CONNECT which either sacrifice NoC features or NoC implementation cost, the BF'T
is able to deliver both and offers bandwidth configurability to the FPGA developer. We
augment the BFT topology with a lightweight latency insensitive interface, deterministic
routing policy, and round-robin arbitration to deliver the desired features. Across a range
of synthetic and realistic workloads, our topology outperforms others by 1-6x.
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Chapter 5

HopliteBuf+HopliteBP: Evolving
Application Customizable FPGA
NoCs

We can overcome the pessimism in worst-case routing latency analysis of timing-predictable
Network-on-Chip (NoC) workloads by single digit factors through the use of a hybrid
FPGA-optimized NoC. Timing predictable FPGA-optimized NoCs such as HopliteBuf in-
tegrate stall-free FIFOs that are sized using offline, static analysis of a user-supplied flow
pattern and rates. For certain bursty traffic and flow configurations, the static analysis
delivers very large, sometimes infeasible, FIFO size bounds and large worst-case latency
bounds. Alternatively, backpressure-based NoCs such as HopliteBP can operate with lower
latencies for certain bursty flows. However, they suffer from severe pessimism in the anal-
ysis due to the effect of pipelining of packets and interleaving of flows at switch ports. As
we show in this work, a hybrid FPGA NoC that seamlessly composes both design styles
on a per-switch basis, delivers the best of both worlds with improved feasibility (bounded
operation), and tighter latency bounds. We select the NoC switch configuration through a
novel evolutionary algorithm based on Maximum Likelihood Estimation (MLE). For syn-
thetic (RANDOM, LOCAL) and real world (SpMV, Graph) workloads, we demonstrate
~2-3x improvements in feasibility, ~1-6.8x in worst-case latency while only requiring
LUT cost ~1-1.5x larger than the cheapest HopliteBuf solution. We also deploy and ver-
ify our NoC (PL) and MLE framework (PS) on a Pyng-Z1 to adapt and reconfigure NoC
switches dynamically.
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5.1 Introduction

The Hoplite [35] FPGA NoC, discussed in detail in section 2.5, is a LUT-optimized network-
on-chip architecture targeting fracturable Xilinx FPGAs for high-speed, low-cost operation.
Several variants of Hoplite targeting efficient implementations with different cost-feature
tradeoffs such as HopliteRT [39], and HopliteBuf [60] have been published. These designs
eliminate the livelock limitations of the original Hoplite design and provide provable upper
bounds on packet latency. This is crucial for safety-critical real-time systems, where tim-
ing properties of the underlying hardware are used to ensure that applications meet their
scheduling deadlines, and performance isolation between different communicating compo-
nents is required [94]. Of particular interest is the HopliteBuf variant that adds stall-free
SRL32 FIFOs to the switch and uses static analysis tools to prove upper bounds on FIFO
sizes and worst-case routing latency (wclatency). However, under certain scenarios, the
static analysis exaggerates FIFO and latency bounds making them impractical for real
designs. Under these circumstances, a different variant of the NoC with lightweight back-
pressure, HopliteBP [11] may be preferred. If the entire NoC adopts a backpressure-based
routing style, the blocking effects of backpressure due to pipelining and interleaving of
flows will severely limit provable NoC performance [11]. Furthermore, the FPGA imple-
mentation requirements of flow control, however lightweight they may be, were a primary
motivation for the deflection-oriented design of Hoplite. Instead of a homogeneous NoC
design, a carefully selected hybrid NoC architecture that combines both HopliteBuf and
HopliteBP styles in a fine-grained fashion yields a superior solution than either alternatives
alone.

An application flowset is composed of a multitude of unique traffic traces (or flows),
each carrying packets between a source and destination PE. Each flow is characterised by
its regulated injection rate (the rate at which packets can be injected into the NoC) and
data block size (number of consecutive packets injected). We explain the composition of a
flow in greater detail in section 5.4.1. We show a set of three network flows on a 4x4 NoC
interacting in prescribed ways in Figure 5.1. HopliteBuf provides better worst-case latency
for the horizontal traffic in Figure 5.1a, as HopliteBP suffers from backpressure propagated
on the horizontal connections. However, for vertical traffic in Figure 5.1b, HopliteBP de-
livers 1.5x better worst-case latency. The cyclic loop of dependencies between flows shown
in Figure 5.1c further affects HopliteBuf, reducing its range of statically analyzable rates,
while HopliteBP is less affected. We analyze this example in further detail in Section 5.2.
Based on these observations, it is clear that one-style-fits-all approach will not work and
we need to configure each switch in the NoC carefully by learning the effect of interactions
between the conflicting traffic flows of the application. As the interference pattern of the
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network flows can be quite complex, and a brute-force approach not feasible for large NoC
sizes, we develop a evolutionary strategy to discover high-quality solutions for a given QoR
(quality of result) function. We formulate a Maximum Likelihood Estimation solution
where we adjust the probabilities of each switch configuration based on iterative analysis
trials.

The key contributions of this work include:

e Design of a hybrid FPGA NoC architecture that combines HopliteBuf and HopliteBP
switches to exploit the best of both worlds.

e Development of an evolutionary strategy to learn switch configurations for a defined
QoR function using Maximum Likelihood Estimation (MLE), scalable to large NoC
sizes.

e Formalization of the Hoplite NoC analysis suite and explanation of its flow model for
hybrid NoCs; used for estimating feasibility and upper bounds on routing latencies,
including worst case and injection latency.

e Quantification of worst-case latency, feasibility, cost and optimization runtime across
real and synthetic applications. We demonstrate ~1-6.8x reduction in worst-case
latency and ~2-3x improved feasibility by learning switch level configuration.

e We implement and verify our entire switch learning framework on a Pynqg-Z1. We
implement the MLE optimization tool on the Cortex A9 processor (PS) to configure
the FPGA NoC switches dynamically, while realizing the NoC itself on the FPGA.

¢ Quantification of performance and area overheads of an ASIC implementation of our
Hybrid HopliteBuf+BP NoC. We demonstrate 3-3.7x smaller area overheads while
reducing average latencies by 1.3-12x.

e Adapting the MLE framework to learn switch parameters for a NoC with a completely
different topology; we learn uphill routing connections for the crossbar topology of a
Butterfly Fat Tree (BFT) NoC from chapter 4 on a per-switch basis. This allows us
to further customize the NoC’s bandwidth for the application at hand. We observe
~1-1.7x reduction in latencies with the MLE optimised BFT NoC while preserving
the desired properties of the original NoC (in-order packet deliveries, livelock freedom
and bounded latencies).
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5.2 Motivating Example

In this section, we discuss the motivation for learning NoC parameters for a given applica-
tion flowset. Specifically, in order to maximise a user requested QoR (quality of result) for
a specific application flowset, we build a case for building a hybrid NoC design by learning
mode of operation (between HopliteBuf and HopliteBP), for every switch in the NoC. We
refer the reader to section 2.5 for more details on HopliteBuf and HopliteBP NoCs.

To discuss how switch configuration affects the results of the analysis for different flow
patterns, we perform a set of analyses for the three flow sets: (a) Horizontal, (b) Vertical
and (c) Cyclic shown in Figure 5.1. We assume that all flows have the same block size
fi-b = 8 and we use the same value of regulated injection rate f;.p (x axis of Figure 5.1d)
across all flows. In Figure 5.1d, we then plot the maximum analytical latency of the NoC
while varying f;.p. We consider two network configurations, one where all switches use
stall-free FIFOs (HopliteBuf), and one where all switches use backpressure (HopliteBP).
We stop plotting the latency whenever the network declares infeasibility due to unbounded
latencies or the size of any buffer under HopliteBuf exceeds 32 (as this enables one-LUT
per bit FIFO implementation).

e Effect of regulation rate: As we increase the regulated injection rate (equivalent to
decreasing the amount of regulation), latency initially decreases for all cases in Figure
5.1d. This is because increasing the regulation rate (f;.p) affords each PE increased
opportunity to inject its packets into the network. However, past a certain regulated
injection rate rate, the latency starts increasing due to increased contention caused
by conflicting flows, which dominates any benefits of a reduced regulation rate.

e Horizontal: For the set of flows shown in Figure 5.1a, we note that HopliteBuf (fifo)
delivers lower worst-case latency. This is because under HopliteBP, f (=) suffers
interference not only from fo(as) but also f; (s ) indirectly due to horizontal
backpressure stalls originating from switch (3, 1); thus increasing latency compared
to HopliteBuf.

e Vertical: Here, HopliteBP achieves lower latency. This is due to the effects of
buffering: since fo (u ) suffers interference from f; (== ), HopliteBuf will accumulate
its packets at switch (3,1). Hence, the maximum number of consecutive packets that
fa (==) can inject south at (3,1) becomes larger than its data block size fo.b. In
turn, this means that the queueing delay of f; (asa) at switch (3,2)’s FIFO can
exceed injection delay at the source of f3 (wsa) due to backpressure induced stalls in
HopliteBP.
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Figure 5.1: Interacting network flows on a 4x4 NoC arranged to show the benefits of
mixing FIFO and Backpressure switches.

e Cyclic: The negative effects of vertical buffering are magnified in a cyclic flow pattern
and the HopliteBuf designs show significantly worse latency than HopliteBP, as shown
in Figure 5.1d.

A user-supplied set of network flows can contain a combination of these three patterns,
among others. The key idea explored in this work is to learn the effect of these flowset
interactions on routability and hardware costs to make a determination between HopliteBuf
and HopliteBP on a per-switch basis. The use of such hybrid NoC switch configurations
allows to optimize both analytical flow latency as well as hardware cost. This in-turn
allows us to tailor our NoC offerings to the application at-hand and QoR requested, by
learning the effects of the provided flows on a per-switch basis.
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5.3 Design of the HopliteBuf+BP Switch
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Figure 5.2: Block diagrams of HopliteBuf+BP design.

HopliteBuf+BP ( + in Figure 5.2) is a unified switch that includes
both switch components and supports runtime configuration of the operating mode. The
HopliteBuf design presented in [60] cannot coexist with HopliteBP switches in the same

horizontal ring, as it will not respond to a backpressure signal ( ), and thus, despite
assertion of this signal, may end up sending a packet to the W input of a backpressured

HopliteBP switch. In order to have switches with a W — § in the same hori-
zontal ring as HopliteBP switches, we define this third switch, that extends HopliteBuf
by incorporating in the design. When implementing a

soft NoC, a HopliteBuf+BP switch is used in place of HopliteBuf whenever the analysis
determines that the switch could be reached by a backpressure signal generated by a Ho-
pliteBP switch on the same horizontal ring. We can also realize a hard, configurable NoC
architecture based on the same principle. Specifically, the HopliteBuf+BP structure can
be used to support both stall-free FIFO and backpressure designs, by simply implementing
a programmable register that can either be configured during compilation or in response
to evolving traffic conditions when routing a workload (without requiring full FPGA bit-
stream reconfiguration). As summarised in Table 5.1, the unified switch is ~1.5-1.6 x more
expensive than vanilla HopliteBuf/BP switches.
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Hoplite HopliteBuf HopliteBP HopliteBuf+BP

LUTs 59 161 189 247
FFs 86 91 167 175

Table 5.1: Resource utilization of Hoplite based switches on Xilinx Virtex-7 for 32b dataw-
idth and 32-deep SRL32 FIFOs.

All switches are complemented with a static analysis and traffic regulation compo-
nent [11]. We leverage this analysis to prove feasibility (bounded latencies and FIFO
sizes), compute worst-case FIFO size (for HopliteBuf), as well as worst-case bounds on la-
tency (injection+routing) of packets. The analysis computes composable latency bounds,
that is, the bounds do not depend on detailed information about activity of unrelated PEs.
To this end, it limits the maximum number of packets that a PE can inject in the network
in any interval of time using a network regulator. In this way, to compute the latency for
flow f;, it only needs to know the regulation parameters and source/destination PEs for
every other flow in its set of interfering flows. The analysis employs a 32 bit leaky bucket
regulator [95], which uses two parameters, regulation rate f;.p and data burst size f;.b:
data burst is the maximum number of consecutive packets that the flow can send through
the regulator, while the rate is the maximum long-term throughput of the regulator in
packets per cycle. We review the static analysis used in these designs in greater detail in
Section 5.4.

5.4 Latency and Backlog Analysis

We now discuss how to derive latency bounds, as well as backlog (the maximum FIFO
occupancy) bounds, for a NoC design incorporating a mix of HopliteBuf and HopliteBP
switches. This section is attributed to work done originally in [11] (See Statement of
Contributions). The analysis derives four sets of parameters:

e The worst-case injection latency for any flow f;, that is, the maximum time that
node (f;.xs, f;.ys) can be stalled while trying to inject one or more packets of f;.

e The worst-case queuing delay for any flow f; turning W — S on a FIFO enabled
(HopliteBuf/Unified) switch, that is, the maximum time that a packet of f; can be
queued in the FIFO.
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e The per-hop delay for any flow f;, from (xs,ys) to (xd,yd). The total latency for
fi is then the sum of its injection latency, queuing delay (if applicable), and per-hop
delay.

e Finally, to prove that stall-free FIFOs can be used without dropping packets, we
determine the worst-case backlog (buffer occupation) for any FIFO enabled switch.

We begin by introducing the flow and traffic regulation model. We then summarize the
existing analysis for HopliteBuf [60] and HopliteBP [11], and finally show how to extend
it to a hybrid architecture.

5.4.1 Flow Model

We assume that each NoC node sends packets as part of one or more flows; a flow f;
represents a sequence of data blocks, each comprising f;.k consecutive packet flits, sent
between the same source node (f;.xs, f;.ys) and destination node (f;.xd, f;.yd). The data
block size f;.k is related to the architecture of the PEs and the width of the NoC; as an
example, if blocks represent 32 bytes cache lines and the NoC width is 8 bytes, we obtain
fi.-k = 4. We make no assumption on the exact time at which successive data blocks
are produced by the source node, as such information might be too difficult to analyze !.
Instead, our goal is to determine a worst-case analytical bound to the latency suffered by
any data block of flow f;. The bound includes both the injection latency Injection(f;),
that is, the maximum time that node (f;.xs, f;.ys) takes to inject all packets of the block
into the network, as well as the queuing delay, that is, the maximum time that any packet
of f; can be queued in a W — S FIFO. As part of the queuing analysis, we also derive a
backlog bound for each FIFO. We say that a network is stable if all flows have bounded
total latency and the backlog for all FIFOs is smaller or equal to the FIFO size.

5.4.2 Traffic regulation

We are interested in computing a composable latency bound, that is, the bound for a flow
should not depend on detailed information on the activity of unrelated PEs. To this end,
we limit the maximum number of packets that a flow can inject in the network in any
interval of time using a network regulator. In this way, to compute the latency for f; we

'For example, in the case of requests produced by a cache, the specific timing of fetches/write-backs
depends on both the initial cache state, and the path through the program.
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only need to know the regulation parameters and source/destination for every other flow
fj; as long as those remain constant, any change to the way f; generates data blocks has
no effect on f;. As in [60, 11], we employ a token bucket regulator [95], which uses two
parameters, regulation rate f;.p and burst size f;.b: burst size is the maximum number
of consecutive packets that the flow can send through the regulator, while the regulation
rate is the maximum long-term throughput of the regulator in packets per cycle. The
implementation of the regulator uses two counters. The rate counter is incremented every
cycle and adds a token to the token counter every 1/f;.p cycles (the regulation period).
The token counter has a maximum size of f;.b. At any clock cycle, the node is allowed
to inject a packet only if the NoC is ready (meaning that no other packet is being sent
to the same output port, given that the PE port has the lowest priority) and the token
counter is not empty; sending a packet removes a token from the counter. For this work
and Chapter 6 ([10]), we set the injection rate of a flow f; to be equal to its regulation
rate (also known as regulated injection rate). This regulation rate (equivalent to “injection
rate” or “regulated injection rate”) can be set by the system designer or learnt as part
of maximising an application’s QoR (chapter 6). There is no buffer associated with the
regulator; hence, a node that wishes to inject a packet but is blocked by the regulator is
simply stalled. We make no assumption on the arbitration policy among flows sourced
from the same node: if during a clock cycle a node is ready to inject a packet from both a
flow f; and a flow f;, then it can select either of the two flows.

5.4.3 Injection Latency

To determine the injection latency for flow f;, we need to compute the set of conflicting
flows I'¢ that can prevent a packet of f; from being injected in the NoC. This set comprises
all flows sourced from the same node (f;.xs, fi.ys) as f;, plus all higher priority flows that
traverse the switch at (f;.xs, fi.ys) in the same direction as f;: the W — FE flows if f;
is injected to the E port, or the N — S and W — S flows if f; is injected to the S
port. After obtaining the conflict set I'¢, the injection latency can be computed as follows,
where b(I'{') is the sum of data block sizes of all flows in I'{ and p(I'¢) is the sum of their
regulation rates:

Theorem 1 ( Theorem 1 in [41] and 2 in [40] ) Assume p(T¢) < 1 and the client
wishes to inject a sequence (data block) of fi.k < fi.b packets for flow f;. Then the delay
to inject all packets in the block is upper bounded by:

74



Injection(f.) =[1/fi.p] — 1+ [%1 + [(f,-.k ~ 1) max (fip, — ;(Fc)ﬂ |

i )

Note that 1 — p(I'{) is the available regulation rate for f; after removing the rate of
flows in 'Y, In essence, the first packet in the data block is delayed first by the regulation
period (inverse of the rate) 1/f;.p; then, by the data block size of interfering flows, which
is captured by term b(I'¢)/(1 — p(I¢)); and finally, the remaining f;.k — 1 packets are
injected at the minimum rate (maximum of the periods) between f;.p and the available
regulation rate 1 — p(I'¢). We make three important observations:

o If p(I'Y) > 1, then in the worst case f; can never inject, hence its latency is unbounded
and the network is unstable.

e The bound only holds for data blocks of size at most f;.b: larger blocks can be
delayed by b(I'¢) multiple times, leading to significantly worse latency. Furthermore,
increasing the burst size of the regulator beyond the flow’s block size does not provide
any advantage to f;. While it could increase b(FJC) for some other flow f;, in the rest
of the work, we simply set f;.b = f;.k for all flows.

e Increasing the regulation rate f;.p improves the latency of f;, because it reduces the
regulation period 1/f;.p; it also increases both the guaranteed (1/Injection(f;)) as
well as average-case regulation rate for f;. However, it can also decrease the available
rate 1 — p(T'§') for some other flow f;, leading to a higher latency for f;.

Therefore, the regulation latency of a flow represents a measure of how latency-critical
the flow is: the higher the rate, the better the latency for that flow, at the expense of other
flows. This competitive relationship between traces becomes important when learning
unique rates to address inequity in per-trace regulation.

5.4.4 Analysis for FIFO Mode
For a flow f; turning W — S on a FIFO enabled switch (vanilla HopliteBuf or unified

HopliteBuf+BP), let f/ denote the flow after it leaves the S port: the effect of queuing
packets in the buffer can cause the data block size f!.b to be higher than f;.b. In turn,
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this will affect the data block size and latency of flows either injected into S or turning
W — S on downstream switches in the same vertical ring. Hence, this effect must be
bounded to obtain safe worst-case estimates. To this end, the analysis in [60] relies on
the theory of network calculus [95], which is commonly employed to derive deterministic
bounds on network latency and backlog. The analysis derives a set of linear equations
that relate the data block size f!.b of f/ to the data block size of other flows leaving the
S port on other FIFO switches on the same vertical torus. We then solve the system of
equations; if resulting data block size values for all flows are finite and positive, then they
must indeed represent valid upper bounds. Otherwise, we deem the network unstable.
Assuming stability, the queuing delay for f; and backlog for the switch can then be derived
based on the regulation rate and data block size of all flows that traverse the switch in the
N — S and W — S direction.

It is important to note that due to the torus topology, the system of equations can
contain cyclic dependencies between data block size variables. An example is provided in
Figure 5.1c: here, each flow turning W — S is delayed by the other two flows that traverse
the switch N — S. Hence, increasing the data block size of a flow causes an increase in
the data block size of the other two flows, which in turn affect the first one. This feedback
loop introduces pessimism in the analysis, causing a reduction in the sustainable per-link
utilization: for this example, the network becomes unstable at a per-link utilization of 75%
(a regulation rate of 1/4 for each flow).

5.4.5 Analysis for Backpressure Mode

Since they do not contain a FIFO, no buffer analysis is required for backpressure enabled
switches (vanilla HopliteBP or Unified). Instead, the analysis in [1]] accounts for the
effects of backpressure by adding all backpressured flows to the set of conflicting flows I'¢'.
Specifically, if f; turns W — S at a switch, we add to T'¢ all other flows that traverse that
switch in the N — S or W — S directions, as they can backpressure f;. Furthermore, if
another flow f; shares a W port on any switch with f;, then all flows that backpressure f;
can also indirectly cause backpressure on f;; therefore, they must be added to Ff.

5.4.6 Hybrid NoC Analysis

To analyze our hybrid NoC, composed of individual switches operating in either FIFO
or backpressure mode, we combine the analysis for FIFO and backpressure modes; we
first run the buffer analysis for each vertical ring that contains at least one FIFO enabled
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switch. Note that for any flow f; that turns W — S on that vertical ring at a backpressure
switch, we consider the original data block size f;.b rather than the modified data block
size fl.b, as the flow does not traverse a buffer. We then run the backpressure analysis
for each horizontal ring that contains at least one backpressure switch. Note that a flow
fi can suffer backpressure from N — S and W — S flows only if it turns W — S at a
backpressure enabled switch; however, a flow f; can suffer indirect backpressure from f; if
it shared a W port on any switch (HopliteBP /Unified) or the horizontal ring. Finally, it is
important to note that based on the analysis, adding a W — S FIFO buffer to a switch is
a trade-off: on the negative side, the buffer increases the data block size of turning flows,
and thus the interference on the vertical ring; on the positive, if we can prove that the
FIFO is stall-free, we avoid generating backpressure on the horizontal ring. However, if the
FIFO can be stalled, then it is not advantageous. For this reason, the HopliteBP design
does not include a FIFO.

5.5 Evolutionary Learning of Switch Configuration

We now present the key ideas explored in this work. We learn (for a given application
flowset, data block size and defined QoR), the configuration mode (between HopliteBP
and HopliteBuf) for every individual switch in the NoC. This allows us to tailor the NoC
towards the application at hand by optimizing for a user defined QoR. We cast the learning
of switch level configurations as a Maximum Likelihood Estimation problem.

The key idea explored in this work is the use of hybrid NoC switch configurations that
mix HopliteBuf and HopliteBP styles in a single NoC. Depending on the interference pat-
tern of network flows, each switch configuration may be tailored in an application-specific
manner. In Figure 5.3, we show the best switch configuration for a simple 3x3 NoC with
a fixed set of nine flows (shown in red in the leftmost NoC subfigure). Recall, as discussed
in section 5.3, for a horizontal row to support a mix of HopliteBP and HopliteBuf modes
of operation, each switch in that horizontal row must be upgraded to the unified Hoplite-
Buf+BP switch. Subsequently, this row of HopliteBuf+BP switches can be independently
configured to operate either as HopliteBP or HopliteBuf. We vary the block size b and reg-
ulation rate p for each flow (identically). At very low rates and data block sizes, HopliteBuf
offers the cheapest and best-performing design, while at larger rates and blocks, the design
starts to migrate to HopliteBP-dominated solutions. Given that an N x N NoC will have
N? switches, each with a boolean decision to make, the design space grows exponentially
with problem size.

Now, we discuss the optimization technique we use to learn the switch configurations
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for a particular set of flows. Specifically, given the regulation rate (provided by user or a
learning algorithm?) and data block size of each flow, we determine whether each switch
in the network implements a stall-free FIFO or backpressure logic to optimise for the user
defined QoR (wclatency*cost, wclatency, etc).

T b e P 0 [
LI/%\ _JLI__I__I_JLI__I__I_JLI__I__I_
LI/__I__ _JLI__I__I_JLI__I__I_JLI__I__I_
p=00Lb=1  p=00Lb=32  p=015b=1  p=0.156=32

Figure 5.3: FPGA NoC Switch Configuration for a 3x3 NoC for a set of nine flows (shown
in leftmost subfigure) with identical but four combinations of rate p and block size b
characteristics. At low rates and block sizes, most switches tend to be cheap HopliteBuf O
mode of operation, while a growing number convert to expensive HopliteBP O mode of
operation with increasing rate+size.

Note that an N x N NoC has N? switches, each with a boolean decision to make.
This O(2N°) solution space necessitates the use of a scalable approach rather than brute-
force exploration (a 7 x 7 NoC can have ~562 trillion solutions). We choose to model
this as a Maximum Likelihood Estimation algorithm. We model each switch of the NoC
as an independent random variable from a 2-point Bernoulli distribution B;. This means
that there are two outcomes possible for each switch: 0 represents a HopliteBuf and a
1 represents HopliteBP. For each switch i, we represent the probability of choosing a
Backpressure configuration as p; while the FIFO choice becomes 1 — p;. We seed each
switch with zero bias by ensuring that the skew of each switch’s distribution B;, %,
is 0 by starting with p; = 0.5 V i.

We aim to evolve the optimal NoC configuration by producing multiple candidates solu-
tions for the ¢g'" generational step for each switch s? of the N x N NoC. Unlike conventional
neural networks with a known training set, we generate our training set on-the-fly based on
the results of the generational search. Unlike Naive Bayesian inference strategies explored

rate learning is explored in chapter 6
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by InTime [96], our approach directly aims to minimize an objective function rather than
train with a binary classifier. For our setup, we evolve by sampling each switch’s Bernoulli
distribution BY(p?) to produce either a FIFO (0) or a Backpressure configured (1) switch.
For each generation step g, we produce C' potential candidate NoC configurations HZ. €
(0,1)N**C as shown below in Equation 5.2. For our experiments we chose C=100.

HY, = : SRR (5:2)

g g L
SNz So N2 So,N?
N g

~
Each column is a flattened NoC configuration (k)

We test each candidate configuration h,, for fitness on a user defined function and filter
out the top A=25% performing candidates HY . € (0, 1)N**A " This is a greedy step but
the memory of previous iterations is reflected in the existing probabilities of the switch
configurations. We then adapt each switch’s Bernoulli distribution in the general direction
of the chosen candidates. We aim to increase the likelihood that the top performing
candidates HY . of this generation were sampled from it. For each switch s at generation
g, we define a likelihood function as follows:

(S%C,z’? Sg:C,i“'7 3?\:0,1' |ng+1)
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Equation 5.3 is the likelihood of a Bernoulli distribution for switch ¢ generating the best
performing A samples from a distribution with probability parameter pf“. Remember,
8!)]\:0,1' refers to the top A (out of total C') performing switch configurations for switch i at
generation g. The final expression of Equation 5.3 can be differentiated to find the value
of p = pr that maximizes this likelihood. We first apply a logarithmic transformation on
this equation before differentiation, as shown below:

A

A
In(f) =In(p) - > + (1 —5)- (A= > )
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Hence, the updated probability parameter p = pf“ for each switch s;’s Bernoulli dis-
tribution B; can simply be written as an average over the A\ best performing candidates in
generation g. We formalize this in Equation 5.5 below:

A g
> Sk

p=p" =" (5.5)

Multiple trials of various NoC configurations to extract best performing Hi:c
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Flattened NoC Config. (HY,), broadcast to the NoC’s mesh shape
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Figure 5.4: Evolution of switch type probabilities for a 2x2 NoC using Maximizing Like-
lihood Estimation (MLE). One MLE iteration is shown which has a candidate size C=8
(each of the 8 shown 2x2 Hoplite NoC configurations is a candidate) and elite size A=4.

Only % marked NoC configurations are used to generate the new Bernoulli distribution
B9t

Finally, in Figure 5.4, we first show the high-level representation of a single iteration
of the MLE algorithm. Given a set of probabilities associated with the distributions BY,
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we generate HY, samples of possible NoC configurations. We then select the top-K best-
performing solutions HY . to revise the distributions as B9*! for the next iteration. We
also represent an actual trace of probability evolution across a complete MLE evolution for
a 2x2 NoC in Figure 5.5. We note that the first 20 iterations show the results of a sampling
when the p; =~ 0.5 for the switches. With subsequent iterations learning from the combi-
nations that worked well in the first phase to converge towards the best-performing switch
configurations for each round. While MLE can also be used for Bayesian inference [97]
with respect to how samples are generated and probabilities updated, for our scenario, we
directly minimize an objective function rather than performing a classification.

Switch

A W N

20 40 60 80 100 120
MLE Iteration

Figure 5.5: The complete MLE algorithm is shown for a regulation rate of 0.5 and a block
size of 16. Switch colors that settle for white are Backpressure switches while those that
are Black are FIFO-based.

5.6 Evaluation

5.6.1 Methodology

For switch learning, our MLE optimizer is written in Python3. We implement the latency
and buffer analysis in Matlab, and convert it to C code using Real Time Workshop; the
optimizers communicate with the analysis tool using direct data transfer based on the
Python ctypes APIs. We run all experiments on a 16-core Intel Xeon E5-2697A CPU and
parallelize our search across 32 threads. We measure our MLE switch learning implemen-
tation to be 50-500x faster when compared against open-source Python implementations
of black-box optimizers CMA-ES [82] and RBFOPT [98], while exploring the solution
space just as effectively.
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We evaluate our entire framework across a range of 100 synthetically-generated commu-
nication workloads with RANDOM and LOCAL communication patterns. For RANDOM
patterns, each PE chooses destinations via uniform sampling of other PEs. For LOCAL
patterns, sampling is restricted to a 4 /- 2 radius of neighbouring PEs. We run our anal-
ysis across various data block sizes to mimic the diversity of communication interfaces
and endpoints like DRAM, PCle, and Ethernet. Furthermore, we also test for optimizing
real-world applications designs for FPGA accelerators such as Sparse matrix vector multi-
plication (SpMV [17]) used by many deep learning kernels [99] and Graph [!&] analytics.
The extracted traces exhibit a rich diversity of co-relation and bandwidth requirements;
with load factors of 37-92% between the benchmarks. Furthermore, the traces in these real
benchmarks are a snapshot of real edge-point data, allowing us to evaluate our designs on
ability to route data that closely mimics interactions of end-points in a production setting.

In addition to the static analysis above, we also implement and verify the entire MLE
generated NoC on a Pyng-Z1 board, with unified HopliteBuf+BP switches in the FPGA
fabric (PL), and configuration tools for the NoC switches and regulators running on the
ARM A9 (PS). For the unified NoC, the software layer on the ARM configures the switches
dynamically over an AXI bus, depending on the application requirements, without the
need for complete bitstream reconfiguration. For a 6x6 network, the runtime of the MLE
optimization on the PS is 9-60s, and the reconfiguration of the switches instantiated in the
PL takes 850ms.

5.6.2 Results

In this section, we present the results of the static analysis of our hybrid FPGA NoC under
various system sizes, data block sizes, and optimization methods. We study the effects of
learning switch level configurations with regulation rate as a user controlled parameter.
We are primarily interested in determining network feasibility (bounded latency), FIFO

size needed, worst-case latency, fitness of the solution, and time required to optimize the
NoC.

For the following set of experiments, we focus on only learning switch level configuration
to generate hybrid NoCs. We treat the regulated injection rate rate as a user set universal
parameter and quantify the resulting NoCs on their ability to optimised for the requested
QoR over a linear range (between 0 and 1) of these rates.
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5.6.2.1 Learning for Feasibility

In Figure 5.6, we determine the subset of the 100 synthetic RANDOM and LOCAL
flowsets that can be routed feasibly on the NoC, that is, with bounded latencies and
fit within the 32-deep FIFO capacity limits of an SRL32 structure. We configure MLE
to produce feasible NoC configurations for provided flowset. As we vary system size,
regulation rate, and data block size, we note several interesting trends:

e First, we observe that feasibility rate drops from 100% to 0% as we increase regulation
rate (x-axis), with steeper losses observed for larger system sizes. This is understood
as there are more flows competing for bandwidth that does not scale linearly with
system size. For a torus, doubling of system size increases bisection bandwidth by

only v/2.

e As we increase data block lengths from 1-16 (figures along a column), we note a
counter-intuitive effect. Now the HopliteBP and MLE designs show the highest
feasibility envelopes while HopliteBuf loses severely. HopliteBuf is unable to maintain
feasibility as the SRL32 FIFOs run out of capacity for larger data blocks. It is possible
to increase feasibility by increasing FIFO sizes, but that impacts LUT cost and causes
HopliteBuf to exceed the footprint of the HopliteBP switches.

e As we increase system size, we note that HopliteBP designs start to lose feasibil-
ity quickly due to pessimism in the analysis for backpressure-based designs. For
pipelined backpressure-based switches, the analysis must account for the cascading
effect of network flows, which significantly depresses sustainable rates. LOCAL pat-
tern suffers a greater loss in feasibility due to the short distances traversed by the
flows and resulting larger conflict set of flows.
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Figure 5.6: Feasible set of RANDOM and LOCAL flowsets on system sizes 3x3-7x7
(across columns) and data block sizes 1-16 (across rows). Note that x and y axes are

shared vertically and horizontally respectively.

e Finally, we observe that MLE-optimized NoC smoothly navigates the entire design
space to deliver the highest feasibility rates across all combinations. This confirms
that neither extreme solution works best in all cases, and a mix-and-match approach
is necessary to get the best outcomes. Importantly, by mixing and matching switch
configurations, MLE NoCs exceed the potential of either NoCs in isolation, achieving
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~2-3x higher feasibility over vanilla designs.

5.6.2.2 Learning for Worst-Case Latency

Next, in Figure 5.7, we show the effect of varying regulation rate of a 5x5 NoC when routing
feasible LOCAL traffic traces. We configure the MLE to learn switch configurations to
minimise wclatency. We summarise our observations with varying regulation rates and
block sizes:

e First, we note that as the rate increases and reaches an inflection point, we see an
increased spread in latencies across all configurations. This is due to the traffic regu-
lation model dominating cycle counts below this inflection rate, forcing the network
congestion effects to take a backseat. Second, as we increase data block sizes, the
latencies increase and the spread shift upwards. We also note that there is noise
around the calculation of mean curves due to the shifting feasibility combinations of
the flowsets.

e HopliteBuf NoCs are competitive at lower regulation rates. At higher regulation
rates, the worst-case latencies can be quite large for certain flowsets. This is a direct
result of deeper FIFOs and associated head-of-line blocking effects [100] for those
scenarios. Also, HopliteBuf NoCs do not scale to large block sizes (=16) because
they run out of stall-free FIFO capacity.

e The HopliteBP NoCs initially start with higher latency at the lower rates, but become
competitive at larger regulation rates. At higher rates, HopliteBP NoCs suffer from
loss of feasibility and cease to scale. At higher data block sizes, HopliteBP NoCs
continue to scale beyond HopliteBuf for higher rates but saturate below MLE.

e MLE-optimized NoCs deliver competitive latencies across all rates and block sizes.
At lower rates, the MLE-optimizer prefers reducing FIFO size and mimics HopliteBuf
solutions as the regulation dominated latency is a fixed effect. At increased rates,
MLE can strategically replace congestion hotspots with HopliteBP designs and avoid
the increased buffering effects that cause high latencies for HopliteBuf designs. At
large data block sizes and rates, MLE-optimized NoCs are the only feasible combi-
nations outperforming both HopliteBuf and HopliteBP NoCs.
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Figure 5.7: Worst-case latency as a function of regulation rate for 100 synthetic LOCAL
flowsets for various data block sizes.

5.6.2.3 Learning for Cost Constrained Worst-Case Latency

For the next set of experiments, we configure the MLE to optimise for the cost constrained
latency function of wclatency*cost, with an aim to analyse its ability to balance the growth
of the two negatively correlated terms while simultaneously minimising their product. In
Figure 5.8, we look at cost-latency tradeoffs when considering feasible RANDOM and
LOCAL flowsets that are routed at a system size of 4x4 and a regulation rate of 0.17.
Regulation rate of 0.17 allows us to stress-test the design; as many applications start to
declare infeasibility beyond this rate when block size increases.

At small data block sizes, MLE-optimized NoCs end up occupying the cost range closer
to the lower-cost HopliteBuf designs. As block sizes increase, vanilla FIFO designs run out
of capacity and declare infeasibility and MLE-optimized NoCs consume increasingly more
LUTs. This suggests that MLE will replace HopliteBuf switches with the more expensive
HopliteBP /HopliteBP+Buf versions in exchange for feasibility or proportionate latency
gains. We also note the narrower spread of HopliteBP latencies which is a direct result of
having fewer feasible combinations at that rate and block size.
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Figure 5.8: LUT Cost-Worst Case Latency tradeoffs for a 4x4 NoC with 0.17 regulation
rate for 100 synthetic RANDOM and LOCAL flowsets across various block sizes.

We also quantify the extent of latency improvement distribution over HopliteBuf and
HopliteBP switches in Figure 5.9 for 100 LOCAL flowsets at 0.13 regulation rate across
different data block sizes on a 4x4 NoC. When compared to HopliteBuf designs, we note
latency reduction by as much as 2x with little sensitivity to block sizes. When compared
against HopliteBP, the latency wins can be as much as 15x. This larger win is attributed
to pipelining effects in backpressure-based networks that can cause the analysis to include
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a large number of flows in the conflict set to produce safe upper latency bounds.
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Figure 5.9: Cumulative distribution of improvements of worst-case latency MLE NoC over
HopliteBuf and HopliteBP

5.6.2.4 Routing Real World FPGA Applications

We now show the effect or regulation on worst-case latency, across all flows, of realistic
FPGA workloads running on a 16-client NoC. In Figure 5.10, we study the effect of regula-
tion rate on worst-case latency of flows with a data block size of 4. With low congestion at
low rates, all NoC designs exhibit similar characteristics. As we increase injection rates, we
notice increased worst-case latencies across most workloads. In particular, we note greater
feasibility and lower worst-case latencies for MLE-optimized NoCs. For smaller data block
sizes (See Table 5.2), MLE prefers HopliteBuf NoCs as most conflicts can be absorbed
in the shallow SRL FIFOs. However, smaller blocks sizes require extremely wide NoCs
with hundreds of bits of payload sent as a single block. We conclude that MLE-optimized
hybrid NoCs are at par or better than either designs by sustaining 1-9x higher rates while
achieving 1-6.8x lower latency across all real application benchmarks and block sizes.
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Ratex10? Latency Ratex10? Latency

F B M F B M F B M F B M
¢ 1 17 8 17| 743 67K 743 |g 1 17 8 17| 7189 67K 789
T4 - 8 8| - 162K 162K|§ 4 - 8 8| - 161K 16.1K
g 123 11 231310 6K 1310 |, 1 17 8 17| 789 85K 789
54 — 11 11| - 145K 32K |[% 4 - 8 8| - 202K 202K
o 1 19 10 191238 106K 1216 | % 1 37 19 37|1661 1609 1635
S 4 — 10 10| - 256K 256K |F 4 3 19 27|14K 39K 34K
%= 1 28 14 28] 998 2K 998 |= 1 27 14 27| 2K 32K 2K
8§ 4 2 14 15|21K 48K 35K | 4 - 14 16| - 76K 6.1K
g 1 17 8 17| 780 113K 789 |z 1 25 14 25|15K 19K 15K
$ 4 - 8 8| - 2K 27K |E 4 - 14 14| - 47K 46K
§ 1 25 12 25| 16K 105K 15K |g 1 20 9 20| 720 52K 720
E 4~ 12 12] - 262K 38K |2 4 - 9 9| - 124K 124K
s 1 17 8 17| 789 113K 789 |g 1 19 9 19| 898 52K 898
54 - 8 8| - 27K 27K [T 4 — 9 9| - 124K 124K

Table 5.2: Application Performance over block size of 1,4 for Graph/SpMV traces. (F: FIFO,
B: Back-Pressure, M: MLE)
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Figure 5.10: Latency Scaling of a 4x4 NoC for Graph/ SpMV traces

5.6.2.5 Analysing Efficiency of MLE

Finally, we turn our attention to the MLE optimization flow and try to understand how
the solver discovers good solutions. In Figure 5.11, we plot the solution quality (LUT
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cost x worst-case latency) and time taken to discover the solutions across a range of 100
synthetic RANDOM workloads targeting a 5x5 NoC at a regulation rate of 0.1. The
HopliteBuf and HopliteBP NoCs are one-shot solutions that do not need any search and
are hence observed in the left corner of the space. MLE’s highly composable binary decision
making proceeds in an iterative fashion before it stabilizes. We observe a narrower spread
of objective function values after 1-10s. CMA-ES [32] explores the space just as effectively
but takes =5-10x longer due to the necessary but obtuse integer quantization of real-valued
distributions used by the optimizer. We also use RBFOPT [9%], that generates marginally
inferior solutions and is 50-500x slower than our MLE approach. While RBFOPT claims
to require fewer explorations, the number crunching after each sample is compute intensive
and dominates the fast analysis process for our problem.

1e+06 -
e+06 n |
S fifo = bp rbf
g ’, A mle + cma
LL -
@ 3e+05 _1-
g J
E AA
O
1le+05 x

100 u 100 m
Time Taken (s)

Figure 5.11: Solution quality and time taken by MLE optimizer across flowsets mapped to
a HxH NoC with 0.1 regulation rate

5.6.2.6 Adapting MLE for NoCs with different topologies and parameters

In this section, we take a look at MLE’s ability to optimise diverse NoC design parameters
for NoCs with markedly different topologies. For this case study, we focus on the Butterfly
Fat Tree crossbar (BFT3) topology in [3] (chapter 4). A BFT3 NoC with N endpoints
is made up of logs(N) * & unique pi switches. We refer the reader to [3] (chapter 4) for
further information on the BFT3 NoC and pi switches. A packet climbing a pi switch
is configured to have a direct routing in [3] (chapter 4); packets entering a pi switch’s
left port are routed to the left port of U (L — UO) with a similar connection for packets
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climbing a switch from the right (R — U1), as shown in Figure 5.12a. Alternatively, cross
routing connects L — Ul and R — UO, shown in Figure 5.12b.
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(¢) MLE configured BFT3 crossbar against direct and cross vanilla crossbars

Figure 5.12: Analyzing MLE’s ability in optimising for the parameter design space of a
Butterfly Fat Tree crossbar NoC.

In this work instead, we use MLE to configure the routing of the crossbar, choosing
between cross or direct, on a per-switch basis for each of the logs(N) * % switches, tuned
to optimise a specified QoR. Contrasting Figure 5.12a and 5.12b, MLE introduces no
overheads since only direct connectivity is changed. Furthermore, properties of the original
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work: livelock freedom and in-order packet delivery are also preserved. We optimise a BF'T3
NoC with 16 endpoints to minimise the total worst latency while routing real benchmarks
at 100% injection rate in Figure 5.12c. We observe that an application optimised BFT3
achieves latencies that are ~1.1-1.7x lower than the vanilla direct and cross BF'T3 versions,
strongly suggesting that the MLE framework of this work can be leveraged for other NoC
topologies and tuning different parameter spaces.

5.6.2.7 Comparing an ASIC implementation with Timing Predictable NoCs

In this section, we compare and analyze a potential ASIC im-
plementation of an 8x8 Hoplitebuf+BP NoC where the NoC

NoC ‘ Area switches can be fabricated once and be configured to operate
MLE-1 | 0.009 in FIFO or backpressure mode, configured on a per-switch
MLE-2 ‘ 0.019 basis for the application at hand. We compare the result

of MLE optimised analysis of the hoplite NoC and compare
MLE-3 | 0.028

it against the state-of-the-art in timing predictable NoCs:
PhaseNoC [63] ‘ 0.027 mainly SurfNoC [62] and PhaseNoC [03]. We evaluate the
NoCs on 2 fronts: 1. The Area overhead for each router (Ta-
ble 5.3) and 2. Average routing latency (Figure 5.13). For
estimating the area of the HopliteBuf+BP switch, we model
each 6-LUT of the switch using transistors [101]. We esti-
mate area consumption of the resulting design using Intel 45
nm technology with a transistor density of 3.3x10°. We ob-
serve that the HopliteBuf+BP (MLE-1 in Table 5.3) switch
is 3-3.7x smaller than its counterparts, thus allowing us to
replicate the NoC up to 3 times (MLE-3) and tripling the available routing bandwidth,
while still maintaining area parity with Phase and Surf NoCs. This is especially useful
for increasing routing feasibility when routing becomes infeasible with increasing injection
rates, owing to the lightweight flow controls of the switches (compared to Surf and Phase).

SurfNoC [62] | 0.033

Table 5.3: Area in mm?2.
MLE NoCs’ area calculated
using Intel 45 nm process
(3.3x10° transistors/mm?)

For latency comparison in Figure 5.13, we compare the average latencies of each trace in
the application flowset with random-uniform communication patterns with a data block size
of 6, where each node in the NoC randomly chooses another destination node in the NoC.
We generate 100 such random application flowsets to eliminate any bias in the distributions
and average the results over these application flowsets. The data for Phase and Surf NoCs
is extracted from [63]. We add additional channels (MLE-2, MLE-3) whenever the MLE
generated NoC becomes infeasible with increasing injection rate. Note that even with
replicated channels, the MLE optimised HopliteBuf+BP ASIC NoC is still cheaper than
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the Surf and Phase NoCs (Table 5.3). We observe in Figure 5.13 that MLE generated
NoC analysis results in average latencies that are 1.3-12x lower than Phase and Surf NoC
variants, owing to the application aware tuning of the NoC and always available routing
bandwidth flow control of buffering and backpressure, without any TDM scheduled routing
breaks.
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Figure 5.13: Average Latency vs Rate. Phase and SurfNoC from [I]

5.7 Conclusions

In this work, we show how to evolve hybrid FPGA NoC switch parameters to deliver
a combination of feasibility, worst-case latency, and cost improvements over homogeneous
FPGA NoCs. We demonstrate switch learning by combining HopliteBuf, a stall-free FPGA
NoC, with HopliteBP, a lightweight backpressure-based FPGA NoC using a fine-grained
per-switch static configuration model. We use Maximum Likelihood Estimation technique
to evolve NoC configurations that offer ~2-3x improvements in feasibility, ~1-6.8x in
worst-case latency over synthetic and real world applications.
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Chapter 6

Learning Injection Rates and Switch
Configuration

We can learn a NoC configuration on a per-switch basis to optimise QoR of workload, as
seen in Chapter 5. Switch learning for the Hoplite NoC improves routing feasibility by
~2-3x and reduces worst-case latency by ~1-6.8x. We can further improve routability
by learning to tune regulation rates for each traffic trace to maximise available routing
bandwidth. We capture critical dependency between traces by modelling the regulation
space as a multivariate gaussian distribution and learn the distribution’s parameters us-
ing Covariance Matrix Adaptation Evolution Strategy (CMA-ES). We also propose nested
learning that learns switch configurations and regulation rates in-tandem. Compared to
standalone switch learning, nested learning helps achieve ~1.5x lower cost constrained
latency, ~3.1x faster individual rates and ~1.4 x faster mean rates. We also evaluate im-
provements to vanilla HopliteBuf/BP NoCs’ routing using only standalone rate learning (no
switch learning); with ~1.6x lower latency across synthetic and real world benchmarks.

6.1 Introduction

We have previously introduced the design of a resource-shared, high performance and ap-
plication customizable Hoplite NoC that tunes switch parameters per workload. We use
a Maximum Likelihood Estimator (MLE) that is designed to learn switch configurations
that maximise the FPGA workload’s Quality of Result (QoR) like worst case latency, cost-
constrained latency, sustained throughput etc. The MLE algorithm chooses between the
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HopliteBuf and HopliteBP variants of the switch architecture. HopliteBuf switches add a
stall-free SRL32 FIFO to absorb lower priority W — S packets that lose out against the
higher priority N — S packets. While useful in lowering contention at the switch, these FI-
FOs can quickly run out of capacity with increasingly bursty traffic, as we saw previously in
sections 5.6.2.1 and 5.6.2.2. HopliteBP switches instead introduce a lightweight backpres-
sure interface for the same losing W — S packets. This latency insensitive backpressure
signal then propagates along the horizontal rings and stalls all horizontal traffic across the
ring in place. While this addresses the inability of HopliteBuf to handle increasing bursty
traffic, the backpressure signal spreads from the contention switch and also stalls packets
not involved in the contention, as we say previously in sections 5.6.2.1 and 5.6.2.4. We refer
the reader to section 2.5 for more details about the HopliteBuf and HopliteBP switches.
A user supplied set of network flows can contain of combination of network traffic lows
that can emphasise the strengths and weaknesses of both switches. We make use of the
Maximum Likelihood Estimation algorithm (introduced in section 5.5) to understand these
flowsets interactions and maximise workload QoR by learning, for each switch in the NoC,
the switch configuration (between HopliteBuf and HopliteBP).

NoCs make use of regulators to guarantee application bandwidth Service Level Agree-
ment (SLA) by mitigating a variety of packet starvation, deadlocks and denial of service
scenarios. For a given application flowset consisting of variety of traffic traces, HopliteBP
and HopliteBuf rely on token bucket regulators [05] for every trace to schedule the injection
of its packets into the NoC. For a given flow, its token bucket regulator limits the injection
rate and data block size of that flow to its prescribed regulation rate (p) and burst size
(b) respectively. The token bucket regulator is explained in greater detail in section 5.4.2.
Regulation is an important variable in the Hoplite suits of analysis tools to guarantee tight
bounds on routing latency and NoC costs. Previous versions of Hoplite, [11] and Chapter
5 ([2]), leave regulation rate out of the decision space as a user parameter; evaluating NoC
designs by measuring performance over a range between [0,1] with a fixed increment lin-
ear search. Furthermore, only a single regulation rate is used to regulate all traces in an
application flowset, which can create unintended bottlenecks in NoC routing and distort
search spaces of other NoC parameters.

This work extends the scope of regulation by learning regulation rates for each trace,
with the aim of maximising the requested QoR, specific to the given application flowset.
This allows us to surgically address localised contention bottlenecks within the NoC by
individually regulating traces involved in the bottlenecked hotspot. We encode the rates
for a flowset as a multivariate gaussian distribution to capture the dependence of a trace’s
routability on other traces within the flowset and learn the parameters of this distribution
using Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES) [82]. Furthermore,
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we introduce nested learning where we learn the switch configurations of the NoC (from
chapter 5) and the regulation rates (this chapter) of traces in tandem. This coupling of
two search spaces allows one to modulate the other in a synergistic manner, thus allowing
for a more effective NoC design that outperforms designs born out of learning only either
one of the search spaces.

The key contributions of this work include:

e Development of a multivariate gaussian distribution based evolutionary learning
strategy to learn regulation rates, specific to the application flowset and QoR re-
quested.

e Development of a nested learning strategy to learn switch level configurations and
regulation rates for an application flowset in tandem.

¢ Quantification of worst-case latency, feasibility, cost and optimization runtime across
real and synthetic applications; when learning rates and switch configurations in-
tandem (nested learning), a further ~1.5x lowered cost constrained latency, ~=3.1x
faster individual rates and ~1.4x faster mean rates.

6.2 Motivating Example

In this section, we discuss the motivation for learning NoC parameters for a given applica-
tion flowset. Specifically, in order to maximise a user requested QoR (quality of result) for
a specific application flowset, we build a case for: learning the regulation rates for every
traffic trace present in the application flowset. This work is based on learning regulation
rates for NoC designs integrating the HopliteBuf, HopliteBP and HopliteBuf+BP switches
into a unidirectional torus topology with DOR routing. We refer the reader to sections 2.5
and 5.3 for information about design of these 3 switches and related work. We also refer
the reader to section 5.5 for a refresher on learning switch configuration in an application
aware manner.

We now make a case for learning regulation rates for every trace in an application
flowset by presenting a set of arguments using Figure 6.1a and 6.1b. Specifically, each
traffic trace within an application flowset interacts with other traces in a complex non-
deterministic manner, thus affecting NoC routing. Flowset-specific learning allows us to
maximise NoC routability by encoding the latent effects of these traces’ interactions into
the learnt rates. We now discuss two specific advantages of learning unique regulation rates
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(a) Localized Contention (b) Turning Traffic in HopliteBuf

Figure 6.1: Interacting network flows on a 4x4 NoC arranged to show the benefits of
learning regulation rates for each traffic trace

for every trace in the flowset, specific to the applications and QoR at hand. We contrast
this proposed learning approach against the practice of using a single rate to regulate all
traces within a flowset in [11] and Chapter 5 ([2]).

e Local contention zones: In Figure 6.1a, the NoC comprises of a localised con-
tention hotspot around switch (2,1), comprising of 3 traces (wss, s==s, ==a ). Regardless
of mode of operation of the switches, these 3 traces generate more contention than
the other two traces (=ss, =an) if we regulate all of them by the same amount. As
a result, this localised hotspot (wss, s=s, ==a) forms a bottleneck in the feasibility
and latency analysis, thus leaving available NoC bandwidth untapped by (sss, was).
For example, the non conflicting traces’ (as=s, =) regulated injection rates can reach
levels that are much higher than the hotspot’s, without having any adverse affect on
the routability of the application flowset. An application flowset can generate a mul-
titude of these disparate contention zones within a NoC. Learning unique trace level
regulation rates, specific to the application flowset, allows us to extract information
about such trace interactions and recover lost NoC routing bandwidth. In turn, this
allows for a more efficient optimization of the application QoR.

e Learning switch configuration: In Figure 6.1b, we investigate learning switch
level configurations for the traces shown. We start off with all of the NoC’s switches
operating in HopliteBuf mode. The application flowset consists of predominantly
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turning traffic traces. Note that switch (3,2) south link has 3 traffic traces exiting
through it (wss , =ss, ==a) which forms a potential choke point that can quickly be-
come infeasible as regulated injection rates of these three traces increase (FIFO runs
out of capacity). The lost feasibility can be recovered by replacing this HopliteBuf
switch (3,2) by a HopliteBP NoC. However, this can lead to frequent and incessant
stall of its entire row due to backpressure signals induced from its west port. This
unfairly penalizes innocent traces (=s, =) which were not even interacting with the
infeasibility causing traces but now are made to sacrifice their available bandwidth
to make routing feasible. Furthermore, the entire row must now be upgraded to a
HopliteBP+Buf configuration to support backpressure and FIFO signals, resulting
in a more costly NoC design. Instead, an easier alternative is to address the infeasi-
bility at its source. We can tune the regulation rates of the traces most responsible
for eating up FIFO capacity at switch (3,2); trace (==a) since it is not only involved
in the contention at switch (3,2) but also is responsible for increasing the data block
size of the trace exiting at south port of switch (3,1).

Such subtle and non-deterministic interactions between traffic traces of a complex
flowsets can be challenging for a NoC to address. The key idea explored in this work
is to learn the regulation rates of each traffic trace in an application flowset to:

1. Tune localised hotspots by encoding this contention information into regulation re-
lated decision making for affected traces.

2. Increase efficiency of switch learning with nested learning where rate learning can
help expand the domain of feasible switch solutions as well as directly improve NoC
routing conditions.

3. For a NoC of size NxN, efficiently navigate for solutions in a multi-modal search
space that asymptotically grows as (0, 1]V " and makes simple search based techniques
impractical.

6.3 Evolutionary Learning of Regulation Rates

We now present the key ideas explored in this work. We learn (for a given application
flowset, data block size and defined QoR), unique regulation rates for every trace in the
application flowset. This allows us to tailor the NoC towards the application at hand by
optimizing for a user defined QoR. We learn regulated injection rates of every trace in the
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flowset using Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES). We also
present nested learning, where we learn both regulation rates and switch configurations
in-tandem.

6.3.1 Learning Regulated Injection Rates

We now explain how we learn the degree of regulation introduced in each trace for a given
application flowset. An application flowset can be composed of a diverse types of traces
and much like the butterfly effect, each trace generates varying degrees of contention within
the NoC via second order interactions with other traces. We wish to improve the overall
routing conditions of these complex traffic interactions by regulating the amount of traffic
generated by each trace within a time frame. Specifically, for a given application flowset,
we learn these regulated injection rates, for every trace in the flowset, to maximise a user
requested QoR function. We explore two methods of rate learning: 1. Univariate and 2.
Multivariate.

6.3.1.1 Univariate Rate Learning

One method is to linearly search over a uniform distribution € (0,1] with the increment
precision truncated to 32 bits to mimic the regulation dynamics of the token bucket reg-
ulators. Each search sample is then universally applied to all regulators and the resulting
QoR determined. The sample that best optimises for the requested QoR can be selected
as the desired regulation rate. This is equivalent to the linear search of chapter 5 (learning
only switch configurations) € (0,1], with NoC routability measured as a function of the
regulation rate. The precision of the linear search increments can be fine-grained to sup-
port 32 bit regulators instead of the chunkier increments of Chapter 5. Furthermore, the
brute force linear search can be replaced with an intelligent binary search or a univariate
gaussian modelling, with no effect to the final quality of solution. While information about
the application flowset is encoded in this light and fast methodology, it fails to take into
account any unique dependencies between traces and their latent effects on other regions
of the NoC since all traces are equally regulated. Furthermore, it prevents the NoC from
reaching its peak available bandwidth since regulation is bottlenecked by the worst trace
in the flowset. We compare this univariate learning against multivariate learning in more
detail in section 6.4.2.
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6.3.1.2 Multivariate Rate Learning

We now present the main idea of learning regulation rates: modelling the regulation rate
of each trace as a multivariate gaussian distribution and learning this distribution’s pa-
rameters using Covariance Matrix Adaptation Evolutionary Strategies (CMA-ES) [32].
Formally, as shown in equation 6.1, for a NoC of size NxN, given a flowset F' composed
of set of traces (fi, fo, ..., fi, .., fn) and data block size p, we wish to learn the correspond-
ing regulation rates R=(r/t,r/2 .. rfi .. r/) such that the user defined objective QoR
function @, calculated as a function of the Hoplite analysis suite H, can be maximised (or
minimised).

]
f2

i

L/,

(/1 (rate for flowf;)]
2 (rate for flow f)

— : . fi ;
= rfi(rate for flowf;) | - r € (0,1)vi
/7 (rate for flowf,,) |
R = argmax(Q(H(F, p, R))) (6.1)

Recall that each trace in a flowset can impact the others via second order interactions
and we encode this dependence by modelling R as a multivariate gaussian distribution
R ~ N(u,0%), with g € [0,1]" and o € [0,1]™". This is a key differentiation from
univariate of section 6.3.1.1 and [2] as it allows us to extract crucial information about
these interactions. Furthermore, increasing the dimension of the regulation search space
allows us to directly address bottlenecks in NoC routing by: 1. learning the regulation
rates of the most difficult traces in an application as well as 2. encode this information
in rates of traces that might be involved in indirect interactions. Multivariate learning,
when paired with algorithms that learn other NoC parameters (switch configuration of
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chapter 5 in section 6.3.2), also provides access to a much richer search space in contrast
to univariate learning. This is explained by univariate unilaterally regulating all traces
with the same amount, thus introducing a strong bias in other algorithm’s search space.

We now explain the modelling of multivariate learning as a black box optimization
problem using CMA-ES. Just like switch learning of MLE in chapter 5, the core of multi-
variate learning involves sampling C' candidate rates RZ € (0,1]"'*¢ from a multivariate
distribution N (u,, 03) at every generation g as shown in Equation 6.2. For our experi-
ments, we choose C' = 100. Note that the population size is same as the MLE based switch
learning of Chapter 5 ([2]), despite an increase in complexity from Bernoulli to Multivariate
Gaussian distribution. This is because we also proportionally increase the model complex-
ity from Maximum Likelihood Estimation to Covariance Matrix Adaptation. Each sample
in R, is then tested for fitness on the QoR function. As shown in Equation 6.3, the top
A performing regulation rate samples RS . € (0, 1]”2XA are then selected for CMA-ES to
evolve the multivariate distribution in the general direction of top performing samples by
updating the mean p and covariance o according to the evolutionary steps detailed in [32].
Observe in Equation 6.3 that CMA-ES maintains an evolutionary path to keep a historical
track of past generation’s multivariate parameters (N (p1, 07), N (2, 03), ..., N (ptg—1,07_1).
This encoding of trajectory of past decisions plays an important role to help balance the
exploration vs exploitation tradeoff and prevents CMA-ES from getting stuck in local op-
timas.

Candidate 1’s rate for fiat generation g Candidate 2’s rate for fiat generation g --- Candidate C’s rate for fiat generation g
R{, = | Candidate 1’s rate for f;at generation g Candidate 2’s rate for f;at generation g --- Candidate C’s rate forf;at generation g
Candidate 1’s rate for f,at generation g Candidate 2’s rate for f,,at generation g --- Candidate C’s rate for f,,at generation g
1 12 f1,€
Tf 1, rsi [N r/i
g g g
g _ . . . . 2
R¢ = : : . : NN(Mng) (6.2)
1 fn,2 fn,C
T“f'ﬂ k) /r‘ nsy PRI 7" nsy
g g g
NS
~~

Each column is a flattened regulated injection rate (hn)

N(:ug+17 0527+1) = CMA({N(/JJD U%)wlv’(/vb% 0'3), "-JN(MW 0'2)}, R%, Rf’\;o) (63>

Representative updates to a 2D Gaussian distribution for multivariate learning of
regulation for a 2x2 HopliteBP NoC are shown in Fig 6.2. As a black box optimization,
CMA-ES enables us to learn best R in a large search space of (0, 1]V " without requiring
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any explicit knowledge of the QoR function or the myriad functions in the Hoplite analysis
suite. This foregoes the need for any calculation of gradients and allows for a well composed
interaction with other black box learners (like MLE for switch configuration); thus allowing
for symbiotic nested learning techniques over multiple NoC parameters.

6.3.2 Nested Learning

In this section, we explain the formulation of nested learning, where multiple parameters
of the NoC can be learnt to optimise for a specific application flowset. We focus on learn-
ing regulation rates as well as switch level configuration of the NoC in-tandem; with each
influencing the other’s search space and having a direct impact on the learnt parameters.
This mutual dependence arises from the direct coupling of regulation and switch config-
uration on the performance of the NoC. When learning for a specific application flowset,
changing one set of parameters (example: regulation rates) will influence potential appli-
cation routing, thus shaping the search space for the other parameter set (example: switch
configuration).
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-0.6

Figure 6.2: Evolution of a 2D gaussian distribution when learning regulation rates for
a 2x2 HopliteBP NoC with 2 traces of data block size 1 in a RANDOM flowset. Note
the convergence of the distribution over epochs as CMA-ES progressively learns better
solutions. This is a toy example for illustrative purposes. We evaluate our design on larger

NoC sizes in section 6.4

103



Algorithm 1: Nested Learning
Result: R reg., S switch conf.
CMA .init;
while not CMA.converge do
CMA .gen_samples;
for scya in CMA.samples do
MLE.init;
while not MLE.converge do
MLE.gen_samples;
for sy/g in MLE.samples do
L qor=calc(Scma, SMLE);
MLE.tell(qor);

| MLE fit();

qor=calc(scpa, MLE.best);
| CMA tell(qor);

| CMA fit();

Algorithm 1 explains the algorithm for rate learning along with learning switch level
configuration for Hoplite NoCs. The objective of this algorithm is to find rate R, switch
configurations S such that (R, S) = argmax(Q(H(F,p, R,S))). Note that multivariate
learning has a much larger search space € (0, 1]V ! compared to switch learning which
has a search space of 2V, Also, a gaussian distribution for rates is computationally more
challenging than a Bernoulli distribution for switches. Thus, we nest the switch configura-
tion learning algorithm (M LE) inside rate learning (C'M A). This decision helps cut down
learning times many folds since the much larger search space of rate learning will only need
to converge once; with the simpler switch learning converging to generate best switch con-
figuration for each rate candidate generated by CMA. The fit functions used by respective
algorithms perform the action of selection of fittest candidates out of C'M A.samples and
M LE.samples respectively, followed by evolution of their respective distributions.

Since the nested search space can rapidly explode in size with increasing NoC size for
challenging flowsets, we prepend Algorithm 1 with steps to find the appropriate starting
point. We do this for two reasons: 1. To remove starting points with obviously infeasi-
ble solutions (for example, little to no regulation for all traces) and 2. Provide a better
seed /starting position to multivariate learning for a tighter initial spread of gaussian dis-
tribution. To this end, we first introduce a universal regulated injection rate of 1 (implying
no regulation) and apply it to all traces in the application flowset. We keep halving this
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rate until we achieve feasibility in the NoC. This simple step helps us prune the search
space of regulation rates to only include feasible solutions. Since we keep halving the
rate until feasibility is achieved, the time complexity is logarithmic in nature; taking only
|log,(K)| steps to find the first feasible rate K. A simple search, as used in [2], exhibits
linear asymptotic time complexity in contrast; taking (%) steps, with G € (0,1) being
the resolution of the search increment. We use this first feasible rate to seed a univariate
learning of regulation rates. We learn this univariate rate until convergence and use this
to seed our final phase of multivariate learning. Although univariate learning offers much
less fidelity and does not produce an optimal solution, it seeds multivariate learning’s
starting parameters such that expected coordinate-wise distance to the true optimum is
minimised. Without this seeding, the CMA optimizer can exhibit numerical instability;
with the underlying probability density function lacking any coherent structure pertinent
to the problem and hence generating solutions on pure chance. Asymptotically, the opti-
mizer can take infinite steps before converging to a valid solution. Hence, seeding results in
a tighter (implying smaller standard deviation) multivariate gaussian distribution, taking
fewer steps for multivariate learning to converge. We evaluate this in greater details in

section 6.4.2.2 and Figure 6.9.

6.4 Evaluation

6.4.1 Methodology

For regulation rate learning, we implement the learning suite using the python based cma
library. We parallelize computation of QoR for each sample candidate generated in an
epoch by spawning individual Process objects using the multiprocessing library. Each
spawned Process can either calculate the QoR directly for vanilla Hoplite configurations
(no switch learning; section 6.4.2.2) or learn switch configurations as part of the internal
loop of Algorithm 1 (nested learning; 6.4.2.1). For learning switch configurations as part
of nested learning, we use the same setup that is used in section 5.6.1.

Similar to section 5.6.1, we evaluate our entire framework across a range of 100 syn-
thetically generated communication workloads with RANDOM (uniform sampling of des-
tination PE) and LOCAL (+/- 2 radius of neighboring PEs) communication patterns. We
evaluate our design across various data block sizes to mimic the diversity of communication
interfaces and endpoints like DRAM, PCle, and Ethernet. Furthermore, similar to section
5.6.1, we also test for optimizing real-world applications designs for FPGA accelerators
such as Sparse matrix vector multiplication (SpMV [17]) used by many deep learning
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kernels [99] and Graph [18] analytics. This allows us to evaluate our designs on ability
to route data that closely mimics interactions of end-points in a production setting.

6.4.2 Results

In this section, we present the results of the static analysis of our hybrid FPGA NoC under
various system sizes, data block sizes, and optimization methods. We study the effects of:

e In-tandem learning of regulation rates and switch configurations (Section 6.4.2.1)

e Standalone learning of regulation rates with the switch configuration preemptively
set to all HopliteBuf or HopliteBP (Section 6.4.2.2).

We are primarily interested in determining network feasibility (bounded latency), FIFO
size needed, worst-case latency, fitness of the solution, and time required to optimize the
NoC.

6.4.2.1 In-Tandem Learning Regulation Rates and Switch Configurations

In this section, we investigate the effectiveness of learning regulation rates while also learn-
ing switch configuration on a per-switch basis. We compare this nested learning against
standalone switch learning of Chapter 5 ([2]). We contrast multivariate rate learning
with univariate rate learning against a variety of RANDOM, LOCAL and REAL bench-
marks. For both learning types, we use MLE as our algorithm of choice to learn switch
level configurations.

Note that the previous Chapter 5 ([2]) separates out the regulation rate as a single value
determined by the user. Univariate rate learning is an extension of linear searching of the
previous Chapter 5 ([2]); in that the rate, while still being a single value that regulates all
traffic, is now learnt as part of the optimization problem instead of being linearly searched
over a range with some fixed increment. If this increment was made infinitesimally small
and the rate point with the best QoR chosen, then linear search of Chapter 5 ([2]) and
univariate would generate equivalent solutions.

It is also helpful to recall that since both rates, univariate and of Chapter 5 ([2]), are
a single value that are universally applied to all regulators in the NoC, they do not offer
the level of fidelity required to individually regulate NoC bandwidth to each traffic trace.
Multivariate learning instead learns unique rates for each srec-dst traffic trace pair. Over

106



a range of benchmarks, we aim to investigate if multivariate rate learning can implicitly
identify potential congestion hotspots within the NoC and tweak regulation of offending
individual traffic to outperform univariate learning by achieving lower routing latency
while sustaining higher rates across a range of benchmark flowsets.

6.4.2.1.1 Routing RANDOM, LOCAL and REAL Benchmarks: We first com-
pare multivariate and univariate rates by evaluating their performance on numerous
RANDOM, LOCAL and REAL traffic benchmarks of varying combinations of data block
and NoC sizes. We now list a few important differences between multivariate and uni-
variate learning, along with their impact on performance of the final NoC design:

e As NoC sizes increase, multivariate is afforded an increased capacity to tune regula-
tion rates due to increase in parameter space N*. This larger parameter space allows
it to work with MLE at a more granular level to optimise for the requested QoR.
In contrast, univariate’s parameter space remains the same. This implies that the
effectiveness of univariate decreases with increase in NoC size; it is unable to indi-
vidually respond to dramatically different routing conditions between numerous local
regions of a bigger NoC. Thus, multivariate’s increased tuning capability allows it
to implicitly tag locally congested regions and throttle down contention within these
local NoC zones by surgically regulating only the offending traces.

e Increasing data block sizes can quickly overwhelm the cheaper HopliteBuf (FIFO)
switches throughout the NoC. That pressure can be relieved by MLE’s switch dis-
covery by selectively replacing these pinched HopliteBuf switches with HopliteBP
switches. However, univariate unilaterally lower rates for all traces which in turn
increases HopliteBuf’s feasibility, thus not exposing these switch level decisions to
the MLE algorithm. In contrast, multivariate and MLE are able to work in tandem
to lower rates as a last resort; only where pressure cannot be relieved by Buf —
BP swaps. Thus, the search space of MLE’s switch level learning and multivariate’s
rate learning are well composed when they interact; with each being in lock-step with
other, thus allowing for a more efficient optimization for the requested QoR.

We now compare the quality of solutions generated by multivariate and univariate
learning for different RANDOM, LOCAL and REAL benchmarks. Rate learning and
switch learning algorithms are configured to optimise the combined QoR of weclatencyxcost:

e In Figure 6.3, we plot the efficacy of routing 10 different RANDOM traffic bench-
marks each across NoC sizes of 4x4 and 5x5 while varying data block sizes between
4 and 8. We observe that multivariate outperform univariate by up to ~1.5x.
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Figure 6.3: QoR achieved by univariate and multivariate rate learning strategies, compared
for data block sizes of 4, 8 and NoC sizes of 4x4, 5x5 for 10 different RANDOM traces.

e In Figure 6.4, we plot the efficacy of routing 10 different LOCAL traffic benchmarks
each across NoC sizes of 4x4 and 5x5 while varying data block sizes between 4 and
8. We observe that multivariate outperform univariate by up to ~1.3x.
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Figure 6.4: QoR achieved by univariate and multivariate rate learning strategies, compared
for data block sizes of 4, 8 and NoC sizes of 4x4, 5x5 for 10 different LOCAL traces.

e In Figure 6.5, we plot the efficacy of routing 14 different REAL traffic benchmarks
from Graph and SpMYV suites in progressively difficult routing conditions; increasing
NoC sizes to 4x4 and increasing data block sizes from 1 to 4. These REAL bench-
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marks are characterised by very high load factors (% of active traces in benchmark
out of N* maximum). As noted in section 5.6.2.4, this leads to traffic traces within
the NoC to interact in a spaghetti-like effect. While linearly searching over regulation
rates in sec 5.6.2.4, this affect was evident in low feasibility and exploding worst case
latencies. Both univariate and multivariate are able to learn regulation rates to best
mitigate this effect, achieving feasible combination of rates and switch configurations
across all 14 benchmarks. Continuing the trend observed in RANDOM and LOCAL,
multivariate outperforms univariate across the board by as much as ~1.2x, owing
to its better ability to detangle (by regulating) conflicting traces within the NoC.
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Figure 6.5: QoR achieved by univariate and multivariate, compared for data block sizes of
1,2 and 4 (columns) and NoC sizes of 3 and 4 (rows) for REAL traces.
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6.4.2.1.2 Analyzing Learnt Rates: With this experiment, we compare and contrast
the breakdown of distribution of rates, specifically 1. if multivariate rates are able to able
to achieve a wider spread of rates, implying traffic aware regulation and 2. if multivariate is
able to achieve, on average, higher rates than univariate. We focus on REAL benchmarks
for this experiment due to their particularly high susceptibility to regulation; owing to their
high load factor induced spaghetti-like contention. We also choose real benchmarks for this
experiment due to the high diversity of traffic behaviour within a benchmark. This allows
us to evaluate the degree of acute homogeneity introduced by univariate learning and its
worsening impact by achieving much lower rates and contrasting this with multivariate’s
ability to instead exploit this diversity for faster rates overall. For this, we plot, for a
NoC of size 4x4, the range of learnt multivariate rates for all 14 REAL benchmarks while
increasing the data block sizes from 1, 2 and finally to 4 in Figure 6.6. We also plot the
average multivariate rates and compare it with univariate.
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Figure 6.6: Range (as whisker plot) and average rates of learnt multivariate rates on a per
trace basis along with univariate rates for REAL benchmarks for a NoC of size 4x4, over

a range of data block sizes (burst).

We observe that the mean multivariate rate is higher than the univariate rate for nearly
every benchmark across every data block size; up to ~1.4x higher. This suggests that mul-
tivariate learns to first lower the rates of most contentious traces in the benchmarks, thus
allowing other traces to achieve ~3.1x higher regulated injection rates, further evidence
that turning down the “heat” in certain parts of the network helps other traces immensely.
This is also evidenced, in benchmarks like dac, roadnet etc, by the observation that the
mainimum of the multivariate rates is actually ~1.8x lower than its univariate counter-
part, despite its average being higher than univariate. Another implication of this is that
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the “one size fits” all strategy of having each trace be regulated by the same amount leaves
quite a bit of NoC bandwidth on the table, explained by the univariate NoC being pushed
more easily into infeasibility because any “superhot” contention zone within the NoC af-
fects the entire interconnect, thus forming a bottleneck for regulation. Multivariate, on
the other hand, will simply lower regulation rate for traces involved in such contentions.

6.4.2.2 Learning Regulation Rates for Vanilla Hoplite NoCs

In this section, we analyze the effectiveness of multivariate over univariate learning when
learning regulation rates for traces that need to be routed on a vanilla Hoplite configura-
tion, that is, all switches are either HopliteBuf (fifo) or HopliteBP (bp). Vanilla HopliteBuf
NoCs’ FIFOs can quickly fill up as a result of increased contention induced buffering. Ho-
pliteBP NoCs suffer from pessimistic analysis, born out of long chain of backpressure
signals that can throttle all links across a row. We investigate if multivariate and univari-
ate learning can help alleviate some of these inherent weaknesses of vanilla NoCs, while
also comparing both rate learning techniques against each other.

6.4.2.2.1 Analyzing Distribution of Latency Improvement: In Figure 6.7, we
plot the latency improvement distribution of multivariate over univariate while routing
100 different RANDOM benchmarks (Figure 6.7a), 100 different LOCAL benchmarks
(Figure 6.7b) and all 14 REAL benchmarks (Figure 6.7c) on 4x4 HopliteBuf (fifo) and
HopliteBP (bp) NoCs while varying data block sizes between 1, 2 and 4.

bp fifo bp fifo bp fifo

i e
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Latency Improvement Ratio Latency Improvement Ratio Latency Improvement Ratio

(a) RANDOM traces (b) LOCAL traces (c) REAL traces

Figure 6.7: Latency improvements of multivariate learning over univariate learning, for
vanilla HopliteBuf (fifo) and HopliteBP (bp) NoCs of size 4x4, routing RANDOM, LO-
CAL and REAL traces.
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We observe that multivariate achieves better latency by as much as ~1.6x. As data
block size increases, we see bigger latency improvements (the distribution shifts to the
right) across all 3 benchmarks and for both Hoplite designs. Recall that in the case of
HopliteBuf, FIFOs are able to absorb packets over a larger time horizon for a low data
block size of 1. Hence, in this case, we see univariate being quite competitive across all
benchmarks, with improvement limited to ~1.3x. But as data block size increases, FIFOs
quickly run out of capacity to absorb packets, with multivariate continuing to improve over
univariate. While not being as sensitive to data block size owing to lack of FIFOs in their
switch design, HopliteBP also has Multivariate outperform univariate by ~1.5x, helped
by multivariate’s more granular regulation resulting in fewer row spanning backpressure
stalls.

6.4.2.2.2 Routing REAL Benchmarks: In this section, we dive deeper into routing
of REAL benchmarks by vanilla HopliteBuf (fifo) and HopliteBP (bp), with regulation
rates being learnt by univariate and multivariate learning. In Figure 6.8, we plot the worst
latency for routing 14 different REAL benchmarks on vanilla HopliteBuf and HopliteBP
NoCs on size 4x4, while varying data block sizes between 1, 2 and 4.

We observe that latency progressively increases for HopliteBP with increasing data
block size, with multivariate tapping down latency by as much as ~1.2x compared to
univariate. We observe a similar scaling behaviour in the case of HopliteBuf with data
block size of 1 and 2, with multivariate resulting in ~1.3x lower latency. However, we
observe that both multivariate and univariate perform very poorly when the data block
size is increased to 4 for HopliteBuf; with only ram2k and roadnet resulting in feasible
designs. All other benchmarks are not even feasible on a vanilla HopliteBuf, despite best
efforts by regulation learning algorithms. We have previously discussed this artifact of
FIFOs filling up quickly in the face of contention and increasing data block size in section
5.2. This affect is particularly amplified in the case of REAL benchmarks owing to their
high load factor. This highlights the importance of combining regulation rate learning with
switch level discovery. While multivariate is able to better manage contention at a traffic
trace level by tuning regulation of offending traces involved in the contention, it is not
as effective at mitigating contention induced in the NoC as an artifact of the underlying
switch architecture. Thus learning switch configurations in tandem with regulation rates
works best; as similar experiments of Figure 6.5 were able to discover feasible NoC designs
and regulation rates for all 14 benchmarks in the REAL suite.
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Figure 6.8: Univariate and multivariate rate learning compared for vanilla HopliteBuf
and HopliteBP NoCs of size 4x4 while routing REAL traces of data block size of 1,2 and
4. “NF” tagged flowsets could not be routed feasibly for both learning types.

6.4.2.2.3 Understanding Multivariate Rate Learning: In Figure 6.9, we present
how multivariate rates are learnt using Covariance Matrix Adaptation for a 4x4 HopliteBP
NoC routing roadnet benchmark with a data block size of 1. As discussed in section 6.3.2,
multivariate learning is split into three phases: 1. Rate Halving, 2. Univariate rate
learning and finally 3. Multivariate rate learning.

The phases of Rate Halving and Univariate learning are motivated by reducing the
search space for the multivariate phase by first finding a universal regulation rate (ap-
plied to regulate all traffic traces) that can achieve the best QoR. Rate halving comprises
of starting from a universal rate of 1 (no regulation) and halving it every next iteration
until the NoC can sustainably route the benchmark at hand. Figure 6.9a shows the rate
being halved at every iteration until sustainability can be confirmed for all traces in the
benchmark. For roadnet, this rate is 2% At this stage, the rate is modelled as a univari-
ate gaussian distribution with a mean p (Figure 6.9b) and standard deviation o (Figure
6.9¢) which is then learnt over multiple iterations to optimise for the requested QoR. The
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termination condition of the univariate phase is determined by the trajectory of best QoR
over past iterations and the convergence of standard deviation (notice it reduce after every
iteration to rest at ~0.005).
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Figure 6.9: Chronological updates to mean and standard deviation (SD) of a multivariate
gaussian distribution for a 4x4 HopliteBP NoC routing the roadnet benchmark with a
data block size of 1. Note the 3 stages of learning: 1. Rate Halving, 2. Univariate and
finally the dominant 3. Multivariate. Also note the 0 SD for rate halving.

Finally, a multivariate gaussian distribution is modelled to represent the rate of each
trace individually, starting off with the same mean for very dimension, set equal to the
best rate found at the termination of the univariate phase, as shown in Figure 6.9c. The
standard deviation, in Figure 6.9f, for every dimension is initialised to the 10% of multivari-
ate’s initial rate . This gaussian distribution’s parameters: mean and standard deviation
for each dimension, are then learnt over the course of multiple iterations. Notice that the
mean rates for every trace diverge to settle at values that best optimise the QoR, spread
over the entire range, with some of the final rates being almost ~3x faster than others.
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Multivariate learning is terminated by analyzing the trajectory of best QoR over the it-
eration history as well as convergence of standard deviation of each rate, with standard
deviations converging from ~ 7 * 107% to ~ 5 x 107°.

6.5 Conclusions

In this work, we show how to learn regulation rates of each trace for an application that
is being routed on hybrid or homogeneous FPGA NoCs. The regulation rates are learnt
to deliver a combination of feasibility, worst-case latency, and cost improvements over
statically configured univariate rates. We also present nested learning to learn NoC switch
parameters and regulation rates together to maximise NoC routing QoRs. We model
rate learning by casting each traffic trace’s regulation rate as a random variable from a
multivariate gaussian distribution. We using Covariance Matrix Adaptation Evolutionary
Strategy (CMA-ES) to learn rates in-tandem with switch configuration and achieve achieve
~1.5x lower cost constrained latency, ~3.1x faster individual rates and ~1.4 x faster mean
rates.
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Chapter 7

GraphNoC: Graph Neural Networks
for Accelerating NoC Evaluation

We can simplify design of FPGA NoCs by replacing slow and expensive conventional NoC
benchmarking tools with accurate and fast Graph Neural Networks based models. FPGA
configurability allows for tuning and designing of NoCs specific to the application being
implemented on the FPGA. However, such application-specific NoC designs can require
thousands of incremental updates and customization to the NoC design, with each NoC
configuration needing performance evaluation to guide the design process. Each of these
benchmark runs can take up to minutes with conventional tools like RTL simulation for
modest packet trace lengths. As a result, tuning and design of a NoC even for a single
FPGA application can last up to days, presenting a critical bottleneck to developer effi-
ciency and iteration speed. We address this by presenting the GraphNoC framework to
encode any FPGA NoC and any application traffic into graphs. We create a dataset of
these graphs, comprising of different FPGA NoCs and applications. We use this dataset
to train GNNs, including foundation models, to predict NoC routing latencies that can
accelerate benchmarking run-times by up to 148x (506 x using GPU) with prediction top-
20 accuracies up to 97.2%. We also show these GNNs can accelerate end-to-end FPGA
application-specific NoC design by up to 4.3x (37x using GPU) while regressing final NoC
latency by only 30 cycles.

117



7.1 Introduction

FPGA NoCs provide a shared interconnect for communication between endpoints of the
application being implemented on the programmable logic of the FPGA. Unlike ASIC
NoCs, FPGA configurability can be leveraged to design and tune low-cost and highly
performant NoCs specific to the application being implemented. However, design of these
application-specific FPGA NoCs will be significantly more time consuming than traditional
ASIC NoCs as we must choose various NoC parameters [16, 2] such as switches, buffer
depths, regulator rates, to best match them for the FPGA application being implemented.
Design and performance optimization of these NoC parameters can take days of simulation
and exploration, with each exploration step requiring computationally expensive FPGA
RTL simulations lasting tens of minutes [102] for even modest packet traces. In a quest to
remove this bottleneck in the design of application-specific FPGA NoCs and super-charge
the harnessing of FPGA reconfigurability, quick and accurate performance benchmarking of
NoCs can play a key role by significantly reducing these expensive time and computational
investments.

Current work around alternatives to RTL simulations for NoC performance prediction
can be broadly grouped into 2 categories: 1) Analytical models and 2) Machine Learning
models. Analytical models are tightly coupled to the specific FPGA NoC’s architecture
and cannot be easily applied to other NoCs. For example, the HopliteBuf analysis tool
[11, 2, 16] only works for FIFO and backpressure based Hoplite routers. NoC designs
like the Backpressure based Butterfly Fat Trees (BFTSs) [3] and HopliteRT [39] provide
a provable upper bound on worst case FPGA routing latencies. But these bounds are
exclusively a function of the NoC architecture alone and not the application being routed.
On the other hand, machine learning based models, enabled by the capacity of deep neural
networks to learn non-linear vector mappings, can generalise better to a wide variety of NoC
architecture and applications. However most of these models are based on conventional
neural network layers like MLPs and Convolutions. Thus, they can only ingest highly
structured euclidean data [103, 104], in turn limiting their application to only highly regular
NoC topologies like meshes and tori.

To conclude, RTL simulations are accurate and generalisable but slow and expensive.
Analytical models are faster but tied to a specific NoC design and do not usually take FPGA
applications into account. Conventional machine learning based techniques are fastest but
not generalisable to NoC architectures with irregular topologies. In this paper, we aim
to democratize and accelerate design of application-specific FPGA NoCs by introducing a
Graph Neural Network (GNN) based NoC benchmarking framework that combines the best
of RTL simulations, analytical tools and conventional machine learning based models into

118



a single design: 1) Highly accurate NoC performance estimates, 2) Support wide variety
of NoC architectures and topologies, and 3) Fast run-time. Our framework can encode
any FPGA NoC (regardless of its topology or architecture) and any FPGA application’s
traffic into graphs and leverage GNN [105] based models to accurately and quickly predict
the NoC’s routing latencies for that particular FPGA application. The key contributions
of our work include:

e Framework to encode any FPGA NoC (regardless of topology/architecture) and any
FPGA application into graphs, compatible with both soft [3, 11] and hard NoCs [4].

e Creating a dataset to train GNN models, including multi-modal foundation models,
to predict performance of FPGA NoCs for a given FPGA application. It consists of
over 1.5 million samples of FPGA NoCs (HopliteBuf/BP, BFT) and their ground-
truth performance on over 200 synthetic and real-world FPGA applications.

e Quantification of trained GNNs on FPGA NoCs: Up to 97.2% top-20 accuracy for
HopliteBuf/BP NoCs while being up to ~148x (~506x on GPU) faster than RTL
simulations for BF'T NoCs. As a result of this quick and accurate NoC benchmarking,
application-specific FPGA NoC design times are reduced by up to ~4.3x (x37x
on GPU).

e Open-sourcing the entire work, including dataset and trained GNN models, enabling
the FPGA community to leverage and build on top of our research for their own
FPGA NoCs.

7.2 Background

Unlike ASICs, FPGA reconfigurability facilitates design and tuning of NoCs specific to the
application. However, as discussed above, iterating on the NoC design comes at a cost; RTL
simulations for performance analysis can be a bottleneck. In this section, we first review
existing alternatives to RTL simulations. Based on this review (summarized in Table
7.1), we motivate the need of Graph Neural Networks for fast and accurate performance

benchmarking of FPGA NoCs.

7.2.1 Alternatives to RTL Simulation

1. Analytical Modeling: They estimate NoC performance by building a mathematical
representation of a specific NoC’s architecture into its formulation. FPGA NoCs like Ho-
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pliteRT [39] and Flow Control BFTSs of [3] can guarantee an upper bound on the worst case
routing latency as a function of the NoC architecture itself. However, these performance
numbers are a function of the NoC architecture only and do not account for the application
being routed. Analytical models of the HopliteBuf/BP suite of [2, 11] make use of network
calculus to build application aware models to predict NoC performance, routability and
size of statically allocated FIFO buffers. However, while the HopliteBuf/BP suite is ap-
plication aware, it can only be applied to estimate performance of overlays built using the
HopliteBuf/BP switches connected in a directed torus topology. Such analytical models
are often hyper-sensitive to even minor perturbations to the NoC architecture, leading to
poor generalization capabilities and preventing them from being used for any other FPGA

NoC.

2. Conventional Neural Networks: Designed by stacking a large number of linear
and non linear layers, they are trained using supervised learning. The training data is a
tuple of: 1) Input FPGA NoC and FPGA application traffic, and 2) Ground truth perfor-
mance numbers extracted from actual simulation. This bestows said models with powerful
capacity to represent increasingly abstract concepts, foregoing the need for low-level NoC
details to be encoded into the input; these details can be learnt as part of the training loop.
We see commercial NoC IP vendors offering machine learning based models to predict per-
formance of their NoC products [106]. [104] leverages Artificial Neural Networks (ANNs)
to achieve a 1500-2000x speedup over cycle-accurate Booksim NoC simulator [107] with
a predictor error of 5-8% for mesh and torus shaped NoCs. However, conventional neural
networks, regardless of prediction capacity, exhibit high degree of rigidity in their struc-
ture. They can only ingest inputs with a specific shape and thus are incompatible with the
rest. This limits only highly regular and symmetric NoC topologies (mesh, tori etc) to be
compatible with an ANN model in a straightforward implementation. Other non-euclidean
topologies, while technically possible, will require extensive and obtuse tensor manipula-
tion for seamless composition into inputs. This introduces a strong inductive bias, which
leads to poor generalization to different NoC topologies. We present evidence for this claim
shortly in Section 7.2.3.

‘NOC Archs. Irregular Topologies Time to Predict

RTL Simulation Adaptable  Compatible Tens of minutes
Analytical Simulation| Fixed Compatible  Seconds to Minutes
Conventional NNs Adaptable Incompatible Sub-Seconds
GNNs Adaptable Compatible Sub-Seconds

Table 7.1: Comparing alternatives to RTL based simulations.
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Figure 7.1: Foundation of Message Passing GNN .

7.2.2 Motivating Graph Neural Networks for NoCs

To summarize our discussions in Table 7.1, RTL simulations are accurate but slow. Ana-
lytical tools are faster but tightly coupled to a specific NoC. Conventional NNs are quick
and generalisable, but only for NoCs with regular topologies.

Graph Neural Networks (GNNs) work directly on graphs. A graph consists of node at-
tributes, edge attributes and an adjacency matrix specifying graph connectivity. A graph
neural network is composed of a series of differentiable functions and a message passing
scheme [108]. While different types of graph neural networks [109, 75] apply different
combinations of differentiable functions and message aggregation schemes, the general me-
chanics of a layer of graph neural networks (shown in Figure 7.1) are similar and can be
described as:

hi = gn(Qien, (fa(hi), f(h;))) (7.1)

where h; are the attributes of the node i. h; are the attributes of the neighbor node
j € N;. f, and g, are neural network operations. {2 is the message aggregation operator
(like sum, max, min etc).

NoCs can be represented with high fidelity as graphs; by encoding NoC topologies into
the adjacency matrix while NoC architecture (switches, flow control etc) can be encoded
into the graph’s nodes and edges. Since graphs are heterogeneous (different types of nodes
and edges within same graph), the FPGA application can also be richly represented using
a different set of node and edge attributes within the same graph. Finally, a Graph Neural
Network based model (GNN) can ingest these graphs as inputs, irrespective of graph
connectivity and size. These qualities make GNNs an ideal candidate to build and train
models for NoC performance benchmarking.
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7.2.3 DMotivating Example: GNNs vs Conventional NN Models

We now motivate the use of GNNs over conventional neural networks by comparing their
composability with non-euclidean NoC topologies. We setup an experiment to compare
their ability to predict worst case routing latency for 2 FPGA NoCs with extremely different
topologies: Torus shaped 4x4 HoptliteBuf/BP [2] and Tree shaped BFTO [3] with 8 PEs.
We construct 2 models with the same number of parameters: 1) MLP based conventional
ANN with 9 layers and 1024 embeddings, and 2) 10 layer GraphSage [110] GNN (explained
later in detail in section 7.3.2) with 256 embeddings. We train both networks to predict
NoC performance for the same set of FPGA applications.

While encoding these NoCs as inputs, we encounter ANNs’ incompatibility (discussed
above in section 7.2.1) with irregular NoC topologies: an MLP based network can only
ingest a vectorized tensor. As a result, we are forced to unroll and flatten both NoCs’
switches and traffic traces into a 2D tensor of shape (numgyitches + NUMgraces, 1NPsize). L his
results in significant loss of information; the NoC’s specific topology is homogenised and
hence not captured in the inputs. In contrast, the GNN model can ingest the NoC topology,
encoded as graphs, without any loss of connectivity related information. Hence, GNNs can
use message passing [108] (Figure 7.1, Equation 7.1) to leverage graph connectivity in
extracting higher order features more effectively.

3 - - -
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! ! ! ! ! ! ! ! !
0 200 400 0 200 400 0 200 400
(a) Train (b) Validation (c) Test

Figure 7.2: Loss (Y axis) over epochs (X axis) for ANN vs GNN

We observe these effects reflected in the quality of training in Figure 7.2. Despite
training both the models with the same training recipe (500,000 steps, 128 batch size, 0.1
dropout), we see that ANN’s loss plateaus at 1.13 whereas GININ’s loss continues to im-
prove down to 0.39, a ~=2.9x improvement. Based on these observations, we conclude that

122



GNN based models are an attractive proposition to accurately predict routing performance
in sub-second run-times for a wide variety of FPGA NoC architectures and topologies.

GNNs have not been leveraged to benchmark FPGA NoCs, with previous related works
[102] very limited in scope: 1) Focusing on a single ASIC NoC only which, unlike FPGA
NoCs, has fixed switch architecture, routing and flow-control, 2) Single-channel only ap-
plication support, and 3) Not open-sourced. We now summarize a list of key features (and
our objectives) of a GNN based NoC performance predictor:

1. NoC Diversity: The graph encoding framework is compatible with any FPGA NoC ar-
chitecture/topology, by encoding diverse NoC parameters (switches, flow-control, topol-
ogy etc) into richly detailed graphs.

2. Application Traffic Expressibility: In addition to encoding NoCs into input graphs,
any FPGA application can be encoded into a graph with rich detail.

3. Fast and Accurate GNN Models: The trained GNN models accurately predict
NoC performance while significantly accelerating benchmarking run-time compared to
existing techniques (RTL simulation, analytical models etc).

4. Open to FPGA Community: The framework, dataset and models are open-sourced
for the community to leverage for their own use-case and make improving contributions.

7.3 The GNN based GraphNoC framework

In this section, for a given FPGA NoC and the traffic generated by the FPGA application’s
endpoints, we present the 2 key building blocks to using GNNs to predict NoC performance
for that application: 1) Encoding the given NoC and application into graphs, and 2)
Designing a GNN that ingests this graph and predicts NoC performance.

7.3.1 Encoding NoC and Application into Graphs

To use GNNs, we must first encode the given FPGA NoC and FPGA application into
graphs. Our encoding framework is designed from the ground-up to support any NoC
and application, independent of architecture and topology, and offers precise control over
graph contents. We do this by leveraging the principles of heterogeneous graphs [111] in a
layered, hierarchical fashion:
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(a) HopliteBP (b) HopliteBuf (¢c) BET-T (d) BFT-Pi

Figure 7.3: Hoplite [2] and BFT [3] switches encoded as graphs.

e Layer 1: Encoding NoC switches into graphs (Figure 7.3).

e Layer 2: Encoding NoC topology into a graph by using layer 1 as building blocks
(Figure 7.4).

e Layer 3: Encoding application’s traffic into graphs, and overlaying them onto layer
2’s topology graph (Figure 7.4).

7.3.1.1 Layer 1: Encoding FPGA NoC Switches into Graphs

Note that an FPGA NoC can be composed of a mixture of switch types. For example,
the BFT-1, BFT-2 topologies of [3] are composed of a mix of pi and t switches. Further,
the mixing of different switches is sometimes central to designing highly performant NoCs
specifically for the FPGA application [2]. Hence, for every switch (even of different types)
of the NoC, capturing its fundamental properties (physical dimensions, arbitration, flow
control etc) is essential.

A graph can be composed of nodes and edges of different types. To encode a NoC
switch as a graph, we use 2 types of nodes. The port nodes capture the IO ports of the
switch. Figure 7.3 shows a switch’s ports (with text overlays) encoded as port nodes, with
different shades of the same color capturing each port’s different properties (numerically
represented as tensors). The central node of a switch sub-graph is used to represent the
architectural properties of the switch (flow-control etc), as shown in the translucent nodes
at the center of each graph in Figure 7.3. The port nodes are connected to each other via
the directed route edge (___.) to capture the available routing data-paths between ports.
Finally, the bidirectional switch edge (.....,) connects the central and port nodes.

124



7.3.1.2 Layer 2: Encoding NoC Topology into Graphs

We now present the rules around connecting the NoC switches (layer 1 graphs) to encode
the NoC topology into a graph. We introduce a new directed edge type called topology
that connects together the ports of different switches to reflect the NoC’s topology. For
example, in Figure 7.4, we connect the different port nodes of HopliteBP (Figure 7.3a)
and HopliteBuf (Figure 7.3b) graphs with the topology edge (=3 ) to encode the hybrid
HopliteBuf/BP NoC topology. Additionally, the directed nature of this edge type implicitly
captures the direction of data-flow between switches of the NoC. Finally, note that the
graph’s recursive (i.e topology graph made of switch sub-graphs) and heterogeneous (i.e
graph made of different node and edge types) properties allows us to encode any NoC
topology into a graph. This is key to GraphNoC supporting any FPGA NoCs, even hard
FPGA NoCs like Versal [1], irrespective of topology and architecture.

7.3.1.3 Layer 3: Encoding Application Traffic into Graphs

We now present the methodology to encode an FPGA application’s traffic into a graph,
which is then overlayed onto the encoded NoC topology graph (layer 2, in turn built using
layer 1). This final graph is then ingested as input by our GNN model.

An FPGA application’s traffic is a collection of individual traffic traces between 2 NoC
endpoints. We aim to encode any number of traffic traces between 2 endpoints. This allows
for an accurate expression of application behaviour and better scalability; any new traffic
traces can simply be added to the application graph without modification. Each traffic
trace is represented as a traffic type node, with its numerical value capturing attributes
like injection rate etc. A new directed edge type application_traffic connects the source
NoC port (entry point of traffic) to the traffic node. Then, another application traffic
edge connects this traffic node to the destination NoC port (exit point of traffic). For
example, in Figure 7.4, the PE ports of switch (1,0) send traffic to the PE ports of switch
(1,1) using the application node and application_traffic edge (@,—). Having encoded
the application traffic traces into graphs, they can be overlayed on the layer 2 NoC topology
graph to complete a (NoC, application) pair encoding into a heterogeneous graph, as shown
in Figure 7.4.

7.3.2 Message Passing Graph Neural Networks

Having encoded the FPGA NoC and the FPGA application’s traffic into a single graph, we
now present the GNN based model used to predict the performance of that NoC for that
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Figure 7.4: Encoding a 3x3 Hoplite NoC and application being routed. Notice the different edge
types: port routes (___,), switch ((....,), topology (=) ) and application (—;).

application. As shown in Figure 7.5, our GNN based model is composed of 3 sequential
stages of transformations:

~

Classifier

Input Graph GNN based Model
I I

/ GraphSage o \

Regression

I
NoC Performance Prediction

Figure 7.5: Design of GNN models: GraphSage, followed by residual application of classi-
fication and regression MLPs.
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1. GraphSage GNN Module [110]: As discussed, our input graph is heterogeneous and is
composed of 3 different node types (port, central, traffic) and edge types (route,
switch, application_traffic). For each node x; and its neighbor nodes x; over
an edge type, the GraphSage layer implements the in-place operation of Equation
7.2, where Wy, W, are the learnt weights. The GraphSage module is made up of a
sequence of such layers, with the exact recipe detailed later in section 7.5.

x; = Wiz, + Womean.xzj,x; € §,, v, € X (7.2)

2. Classification Module: Our GNN model predicts performance as a function of classi-
fier and regression (see Figure 7.5) modules as shown in Equation 7.3. The classifier
predicts class ¢, whose cardinality C' in Equation 7.4 is determined by the resolu-
tion of the upper limit on performance predictions. The classifier is composed of 3
Linear layers, with the first 2 gated with the ReLU non-linear activation and layer
normalization. The classifier is trained with the CrossEntropy loss function.

3. Regression Module: The regression module predicts a value between [0, res) to com-
plete the performance prediction of Equation 7.3. To increase it’s predictive capacity,
we add a residual connection [112] to ingest outputs from both GraphSage and classi-
fication modules. The regression module is composed of 4 Linear layers, with the first
3 gated with the ReLU non-linear activation and layer normalization. The regression
module is trained with the Huber loss function.

perféggc =resxc+reg,ceC (7.3)
limit

Cl= 7.4

o] = 1 (7.0

7.4 Constructing the GraphNoC Dataset

FPGA NoCs and applications are encoded as graphs in section 7.3.1, which are then
ingested as inputs by GNN models of section 7.3.2 to predict any NoC performance metric
(latency, throughput, feasibility etc) for that application. We now lay the foundations for
a community-driven dataset, consisting of a diverse set of encoded graphs of FPGA NoCs
and applications, that can be used to train GNN models to quickly and accurately predict
NoC routing performance.
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Algorithm 2: Framework to add data to GraphNoC
Result: train set, val set, test set
NoCTool = RTL/Analytical.Sim;
for vary.c in NoC.variations do
for app in Application.collections do
data = [|;
for rate in Rate.range do
perf = NoCTool.calculate(varyoc, app, rate);
graph = encode(vary,c, app, rate, perf);
dataset.add(graph);

shuffle(data);

train.add(data[:train_split]);
val.add(data[train_split:train_split+val_split]);
test.add(data[train_split+val_split:]);

We now present the steps for adding encoded graphs to the dataset in a NoC and
application agnostic manner in Algorithm 2. We first initialize the NoC tool to calculate
performance. The tool can be RTL simulation or analytical models (NoC specific avail-
ability; section 7.2.1), depending on use-case. We loop over all the different variations of
the baseline NoC (eg. mix of Buf/BP switches in HopliteBuf/BP [2]). For a particular
NoC variation vary.c, we consider a range of synthetic and real-world [47, 48] FPGA ap-
plications. For all combinations of NoC (vary.c) and application (app) pairs, we evaluate
ground truth performance using the NoC tool over a range of injection rates and encode
each pair as a graph. Finally, this set of graphs is split between train, validation and test
sets.

We position the GraphNoC dataset as an open-sourced initiative that the FPGA com-
munity can leverage and contribute to. This will allow the FPGA community to train
increasingly sophisticated GNN models over time, which will in-turn enable them to ex-
plore design space of their own FPGA NoCs even faster. To prove GraphNoC’s flexibility
with any FPGA NoC and application, we seed the dataset with 3 different FPGA NoCs,
over 200 different FPGA applications and both RTL and analytical models as ground truth
sources for latency prediction. See Table 7.2 for details.
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HopliteBuf/BP BFT-TREE BFT-XBAR

Applications |14 real-world, 2 synthetic|100 synthetic|100 synthetic

NoC Variations 200 BFTO BFT3

Rate (incr=1) 0.1, 25] 1, 100] 1, 100]
NoC sizes | 3x3, 4x4, 5x5, 6x6, 7xX7 | 4, 8, 16, 32 | 4, 8, 16, 32

Ground Truth Analytical Sim. [2] RTL Sim. | RTL Sim.

Table 7.2: Seeding GraphNoC dataset with 3 different NoCs.

7.5 Experimental Setup and Training Recipes

We author 3 GNN models of varying complexity using the PyTorch Geometric [I13] library:
small (GNN,; 1 million), medium (GNN,,; 2.9 million) and large (GNN;; 7.7 million). We
detail authoring and training recipes in Table 7.3. Each model is trained and run on con-
sumer grade hardware with Nvidia 4060 TT GPU, Intel i5-13500 CPU, 32GB RAM. We
use EarlyStopping [!14] on GraphNoC’s dataset to predict worst case routing latencies
under 1000 cycles. GNN’s tensor-based computation is broadcast across multiple dimen-
sions, called batch size, allowing multiple NoC samples to be evaluated at once. To ensure
fair speedup calculations, we also parallelize conventional RTL simulation and analytical
modeling tools by wrapping each call in a Process module of python’s Multiprocessing
library.

Model ~Num. Params. [Num. Layers|Emb. Size|Batch Size Rate Schedule |Dropout

ann, | 1 Million 20 64 128 |5 %1077 |Hold| 0.2
ann,, (2.9 Million| 15 128 | 64 |5 1077|Hold| 0.2
any, |7.7 Million| 10 256 | 64 |5%1077|Hold| 0.2

Table 7.3: Authoring and training recipes of GNN models.

We design experiments to evaluate the GraphNoC encoding framework, dataset and
trained GNN models for speed, accuracy and impact on accelerating the designing and
tuning of application-specific FPGA NoCs. We also train a foundation GNN model to test
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multi-modal abilities of GrapNoC to predict performance for completely different NoCs.
See Figure 7.5 to refresh on the main learning task for a GNN based model, along with its
inputs and outputs.

7.6 Evaluation

7.6.1 Measuring Accuracy of GraphNoC GNN Models

Worst case latency is critical in defining service level agreements and guarantying reliable
operations of NoCs under all operating conditions. In this experiment, we measure Graph-
NoC GNNs’ accuracy in predicting worst case routing latency for a given FPGA NoC and
FPGA application. We setup this experiment by training GNNs to predict worst case
latencies for different sizes (3x3 to 7x7) of hybrid HopliteBuf/BP [2] NoCs across a range
of real and synthetic FPGA applications (Table 7.2). Hoplite’s analytical models generate
stricter bounds on latency than RTL simulations [11]. Hence, we measure the accuracy
of GNN predictions against ground truth of the analytical models for the test subset of
GraphNoC dataset. We study the accuracy through 2 different lenses:

Train Set Validation Set Test Set

Top Delta Top Delta Top Delta

Type |20 | 156 |10 | 5 |20 | 15|10 | 5 |20 |15 |10 | 56 |20 |15 |10 | &6 |20 | 15| 10| &5 |20 | 15| 10| 5
GNN, {90.2{86.6|79.6|61.980.7|77.7|72.5|60.2|90.8|87.6|81.2|63.6|85.2|82.7|77.9{66.0 | 89.685.6| 78.3|60.5 | 76.8 | 73.6 | 68.2 | 55.7
GNN,,, 195.5|93.1|88.2|73.6|86.4(83.9|79.5|68.4]96.2|94.691.280.690.6 {89.0(86.0 | 77.0|95.6|93.4|89.0| 77.2|84.0{81.4|77.3|67.0
GNN; [97.0195.4(91.9(81.3|88.8/86.6|83.0|73.9({97.8|96.5|94.0|86.592.5|91.1|88.682.2(97.2|95.4|92.0|83.0|86.5|84.2{80.4 | 72.2

Table 7.4: Measuring accuracy of differently sized GNNs against GraphNoC dataset for
HopliteBuf/BP hybrid NoCs.

e Precision (Delta-K): Precision is a measure of absolute difference between the ground
truth and GNN predictions, important for measuring accuracy for routing latencies with
small magnitudes. We measure precision with the Delta-k metric, defined as the num-
ber of predictions within K absolute cycles of the ground truth. For example, for a
ground truth latency of 80 cycles, the GNN prediction would have to lie in [75, 85]
to be counted for Delta-5 precision. We observe that GraphNoC’s GNNs can achieve
Delta-5,10,15,20 as high as 72.2%, 80.4%, 84.2%, 86.5% for the test set in Table 7.4
(right most column). Additionally, as we increase GNN size from small to large, the
increase in Delta-20 is only 12.6% whereas the increase is much higher for Delta-5 at
29.6%, suggesting that larger GNNs can better address high precision use-cases.
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e Scale (Top-K): Scale is a measure of relative difference between ground truth and GNN
predictions. Unlike precision, scale takes into account the order of magnitude of ground
truth latencies. We measure scale with the Top-K metric, defined as the number of pre-
dictions within K% points of the ground truth. For example, for a ground truth latency
of 300 cycles, the GNN predictions would have to lie in [285,315] to be counted for Top-5.
As shown in Table 7.4, we note that trained GNN models can achieve Top-5,10,15,20 as
high as 83%, 92%, 95.4%, 97.2%. Like precision, as we move from small to large GNNs,
scaling benefits from big increases for Top-5 (37.1%) but not for Top-20 (8%).

To summarize this experiment, GraphNoC GNN models can achieve highly accurate
predictions for NoC performance. We observe high accuracies across different NoC archi-
tectures, NoC sizes and FPGA applications. These accurate predictions are maintained
across different latency scales with high precision, achieving up to 97.2% Top-20 and 86.5%
Delta-20 metrics. Thus, despite analytical models generating the strictest of upper bounds
on latency, GNN can be used in their place for designing/testing FPGA NoCs. We further
analyze distribution of GNN predictions and measure outlier deviations vs ground truth
in experiment 7.6.4.

7.6.2 Benchmarking Throughput of GraphNoC GNN Models

In the previous experiment, we established that GNNs can accurately predict NoC routing
latencies. In this experiment, we investigate GNNs’ prediction speed; to establish if the
minimal accuracy loss can be tolerated in exchange for significant speedups over using
conventional RTL simulation or analytical models. Since Hoplite’s analytical models are
significantly faster than RTL simulations (Table 7.1), we stress test the potential of Graph-
NoC’s GNNs to outperform the already fast analytical model instead. In this experiment,
we measure maximum throughput (input samples per second) achieved by GNN models (on
both CPU and GPU) and compare it to the analytical model. We vary batch size from 1
to 256 (refer to section 7.5 implementation details), for different HopliteBuf/BP variations
and sizes in GraphNoC’s dataset. We measure throughput for 2 different computation
scenarios:

o Constrained Compute: One of the benefits of using GNNs is to accelerate NoC
benchmarking and application-specific design for compute constrained organizations.
Given a maximum batch size (a function of end-user’s compute capabilities), we inves-
tigate the speedups GNNs offer over the analytical model in Figure 7.6. We observe
that, given a batch size, GNNs can help increase throughput by up to ~66x using
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GPUs and ~9x using CPUs. We also note that GNNs benefit from increased uti-
lization of compute resources with larger batch sizes (x axis). For example, speedups
over analytical model increase from ~1x (batch size=1) to ~14.5x (batch size=64)
in Figure 7.6e. However, unilaterally increasing batch size hurts GNNs’ throughput,
with the affect more pronounced for larger GNNs or NoC sizes; a clear sign of satu-
ration of available compute. For example, as we increase NoC size (Figures 7.6a —
7.6e), we observe that GNNs see a drop in their throughput beyond a certain batch
size, with this affect being observed at increasingly smaller batch sizes for larger

GNNs.
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Figure 7.6: Throughput (Y axis, log, scale) as a function of batch size (X axis) for GNNs
and conventional tools for HopliteBuf/BP NoCs.

o Unconstrained Compute: We now analyze if GNNs also maintain their competitive-
ness when compute is not a bottleneck. To answer, we consolidate the results of
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Figure 7.6 by selecting highest achieved throughput per NoC size, and present them
in Table 7.5. We observe that GNNs of all sizes: small, medium and large outperform
Hoplite’s analytical modeling tool by ~9x, ~5.8x and ~3.5x respectively when run-
ning on CPUs. When the GNNs make use of the GPU, this gap further increases
to =66, ~55x and ~34x respectively. We also note that the competitive edge of
GNNs increases as we move from larger NoC sizes (7x7; ~1.8x CPU, ~14.5x GPU)
to smaller NoC sizes (3x3; ~9x CPU, ~66x GPU), primarily explained by the an-
alytical model’s static setup time and flow-dependency bottlenecks overshadowing
any size related throughput gains (hovering around a260).

To summarize this experiment, GraphNoC’s GNNs can significantly accelerate FPGA
NoCs’ performance benchmarking for a given FPGA application. This speedup over the al-
ready fast analytical models is maintained for all GNNs over all NoC sizes. These speedups
further increase by an order of magnitude when GNNs leverage the GPU. This is evidenced
by GNNs outperforming conventional tools by up to ~9x on CPUs and ~66x on GPUs.
The high accuracy (section 7.6.1), combined with these significant speedups, presents a
potential opportunity for GraphNoC to significantly accelerate application-specific NoC
design/tuning. We investigate this possibility in the next experiment.

Iterations per Second
Type N=3x3 | N=4x4 | N=5x5 | N=6x6 | N=7x7
Hoplite Analytical Tool | 264 266 266 263 262
GNN; cpy 2404 | 1351 887 652 468
GNNy, cpu 1533 907 561 402 291
GNN;j cpy 926 048 344 257 184
GNN; gpy 17585 | 10830 | 7093 | 5100 | 3801
GNNp, cru 14575 | 8026 | 5192 | 3773 | 2751
GNN gpy 9157 | 5181 | 3388 | 2382 1717

Table 7.5: Best achieved throughput, across all batch sizes.
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7.6.3 Application-Specific FPGA NoC’s Design with GraphNoC

[2, 16]’s application-specific design of the FPGA HopliteBuf/BP NoC exposes the NoC’s
switches as a categorical choice between HopliteBuf or HopliteBP. For a given FPGA
application, this application-specific design results in an optimized NoC with the minimum
possible routing latency for this application. The design runs for 100s of epochs. At each
epoch, 100s of HopliteBuf/BP’s variations are generated and all of them are benchmarked
for routing performance on the given FPGA application. At the end of each epoch, the best
performing variants are used to seed the base configuration for the next epoch’s variants.
In the original work, Hoplite’s conventional analytical models are used to benchmark all
NoC variants. In our experiment, we swap analytical modeling with GraphNoC’s trained
GNN models. We investigate:

1. Speed: 1If GraphNoC’s GNN can significantly accelerate the run-time of application-
specific NoC design for FPGAs.

2. NoC Quality: If the slight inaccuracy of GNNs’ latency predictions (compared to
the analytical model; section 7.6.1), accumulating over multiple epochs, significantly
deteriorates the final NoC’s performance.

To setup this experiment, we target learning switch configuration for a 4x4 Hoplite-
Buf/BP NoC for random and local FPGA applications’ traffic. For each FPGA application,
we vary the injection rates’ from 0.01 to 0.09. We generate 128 NoC variants in each epoch
and run the design process for 100 epochs. The batch size for both GNNs and analytical
models is set to 128. We run GNNs on both CPU and GPU. Summarised in Figure 7.7,
we investigate 2 different use cases and compare the final results to the original work:

e GNNs Only: Here, we calculate all the NoC variants’ (128 variants per epoch, 100
epochs total) latency using GNNs only. At the end of the design process, we compare
the resulting NoC design’s performance (Figures 7.7a-7.7c) against the NoC design
generated using original work’s analytical model (Figure 7.7d). We observe, that
GNN driven NoC design regresses latencies by up to 19, 24 and 30 cycles, while ac-
celerating end-to-end runtime by up to ~4.3x, ~2.6x and ~1.4x for small, medium
and large GNNs on CPUs respectively. The speedup increases to ~37x, ~30x and
~20x when GNNs use the GPU.

e GNNs+Analytical Model: Here, we invest the time saved by GNN driven runs into
25 additional epochs driven by analytical model (100 by GNNs, then 25 by analytical
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model). We observe, in Figures 7.7e-7.7h, that this hybrid setting finds the most op-
timized NoC designs at all times. No latency regressions are observed when compared
to NoC designs generated using original work’s analytical model. While this hybrid
approach is 2.1x, 1.64x, 1.34x slower than just using GNNs (10x, 8.5x, 6.1x on
GPU), it is still 2.05%, 1.57x, 1.02x faster than analytical models for small, medium
and large GNNs respectively (3.57x, 3.5%, 3.2x on GPU). As a result, even without
GPUs, hybrid approach with small GNNs is a good middle ground that moderately
accelerates application-specific NoC design without any performance regressions. On
the flip side, for use-cases where iteration speed triumphs NoC quality, the GNN only
approach might be more attractive.
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Figure 7.7: Learnt NoC’s latency (Y axis) vs seconds spent (X axis) completing MLE loop for
HopliteBuf/BP NoC.

To summarise this experiment, GraphNoC’s GNNs can significantly accelerate application-
specific NoC designs’ runtime without sacrificing performance of the resulting NoCs. We
observe that using GNNs accelerates NoC design’s runtime by up to ~4.3x on CPUs (in-
creasing to ~37x with GPUs) while only regressing up to 30 cycles in routing latency.
Latency regressions can be eliminated completely with the hybrid approach while main-
taining competitive speedups. Thus, GraphNoC GNNs’ can supercharge the leveraging of
FPGA reconfigurability by streamlining the design of highly performant NoCs specific to
the FPGA application.
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7.6.4 Building Foundation GNN Models with GraphNoC

In this final experiment, we investigate a GNN based model’s multi-modal capabilities.
We do this by training a GNN to predict worst case latency for both HopliteBuf/BP
[2] and TREE BFT [3] NoCs. Note that these 2 NoCs have completely different topol-
ogy, data routing and arbitration rules. We train a 10-layer, 256 dimension Graph-
Sage-+Classifier+Regression GNN model. The model is trained on encoded graphs of
FPGA NoCs and FPGA applications, distributed equally between TREE BFT (8 PEs)
and HopliteBuf/BP (16 PEs; 4x4). We use a batch size of 128 and cyclic learning rate
schedule varying between [1077, 5% 107°].

We now share results of this model’s performance on the test set. The foundation
model is able to achieve a Delta-5,10,15,20 score of 75.7%, 81.0%, 83.9%, 85.8% and
a Top-5,10,15,20 score of 69.0%, 77.5%, 82.0%, 85.3%. We now plot the distribution
of ground truth and predicted latencies, faceted by NoC type, in Figure 7.8. Different
topologies, data routing and arbitration rules are evidenced by starkly different distribution
of ground truth latencies between Figures 7.8a and 7.8b. Despite this, we note that the
model is able to maintain high accuracy across the distribution for both NoCs in Figure
7.8, even robustly covering the abnormal spike of distribution around the 2% mark for the
BFT in Figure 7.8b. In addition to GNN based models’ capabilities to generalise across
different NoCs, this is also evidence that GraphNoC’s graph encoding framework is able
to encode important features of completely different NoCs and applications into richly
detailed graphs for maintaining model accuracy.

We now also discuss the speed improvements of this GNN foundation model against
the BFT TREE’s RTL simulation (Hoplite discussed previously in section 7.6.2). Unlike
HopliteBuf/BP, BFT has no analytical modeling tool to calculate latencies, and is thus
relegated to using RTL simulations. Despite 20 Process wrapped parallel RTL simula-
tions (maximum that can be launched without OOM issues), it is only able to achieve a
throughput of 4.3 iterations per second. Contrasting this with GNN foundation model’s
maximum throughput of 640 iterations per second on CPU (increasing to 2176 on GPU)
at batch size 128, we conclude that BFT TREE’s latency estimation can be accelerated by
up to ~148x on CPU (increasing to ~506x on GPU).

Based on our evaluation, we can conclude that GraphNoC’s foundation GNN mod-
els can continue to become more advantageous over time. The foundation model already
achieves high accuracy (Delta-20 85.8%; Top-20 85.3%) and significant speedup (up to
~506x on GPU, ~148x on CPU) for 2 completely different FPGA NoCs. As the foun-
dation GNN models are trained on more diverse FPGA NoCs and applications data, the
models will build a richer representation of underlying NoC routing fundamentals, simi-
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lar to language modelling for LLMs. This can in-turn allow new NoCs to be on-boarded
quicker onto GNNs, paving the way for foundation GNN models potentially replacing RTL
simulations and analytical models completely in the future.
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Figure 7.8: Distribution of ground truth vs latency predictions.

7.7 Conclusion

In this paper, we present GraphNoC, a GNN based framework and dataset, to accelerate
NoC benchmarking and application-specific NoC design. GraphNoC can encode any FPGA
NoC, including hard NoCs, and any FPGA application into graphs with high fidelity. We
encode 3 different FPGA NoCs, over 200 different FPGA applications to create a dataset of
1.5M+ graphs that is used to train GNNs, accelerating NoC benchmarking and application-
specific design by up to 148x (506x using GPU) with prediction accuracies up to 97.2%.
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Chapter 8

Conclusion

This work presents multiple contributions related to learning design parameters for building
highly performant FPGA NoCs customized for the given FPGA application. We also
present a Graph Neural Network based framework to accelerate benchmarking of NoCs, a
critical bottleneck in the design of application customized NoCs. We close with a summary
of our contributions in this field, followed by a discussion around future ideas that can be
explored in this area.

8.1 Summary of Contributions

e Chapter 4: BFT Overlay NoCs on FPGAs

First, we showed how to we design a low-cost, FPGA-friendly Butterfly Fat Tree
(BFT) NoC with customizable bisection bandwidth and topology to match an ap-
plication’s requirements. We achieve this by choosing a combination of pz and and
t switches at various levels of the NoC. Further, we improve the routing mechanism
by introducing a backpressure based interface to deliver the application’s data pack-
ets in-order and presenting a guaranteed upper bound on the application’s routing
latency.

They key contributions of this work include:

— Design of BF'T NoC routers with latency-insensitive backpressure interface with
deterministic uphill and downhill routing functions and fair round-robin arbi-
tration.
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— RTL implementation with LUT-fracturing friendly mapping, and NoC assembly
with configurable bisection bandwidth tuning and optional pipelining support.

— Improved sustained throughput, average latency, worst-case latency, power re-
duction over its deflection based counterpart NoC.

e Chapter 5: Customizing Switch Types using MLE

In this work, we demonstrate customizing the HopliteBuf/BP NoC by learning the
effect of interactions between conflicting traffic flows of a given FPGA application. In
a quest to maximise NoC routing performance for the given application, we learn the
NoC’s switch configuration between HopliteBuf and HopliteBP using a fine-grained
per-switch static configuration model. We develop a Maximum Likelihood Estimation
based strategy to discover high-quality NoC designs for the given FPGA application.

The key contributions of this chapter include:

— Design of a hybrid FPGA NoC architecture that combines HopliteBuf and Ho-
pliteBP switches to exploit the best of both worlds using Maximum Likelihood
Estimation (MLE) based learning.

— For the FPGA based soft NoC version, we demonstrate ~1-6.8x reduction
in worst-case latency and ~2-3x improved feasibility by learning switch level
configuration.

— We also perform quantification of performance and area overheads of an ASIC
implementation of HopliteBuf+BP NoC whose switches can be individually pro-
grammed to operate in either mode. We measure that our ASIC implementation
is 3-3.7x smaller while reducing average latencies by 1.3-12x.

— Showing extensibility of our MLE framework to learn uphill routing connections
for the crossbar topology of a Butterfly Fat Tree (BFT) NoC from chapter 4 on
a per-switch basis. We achieve ~1-1.7x reduction in latencies with the MLE
optimised BFT NoC while preserving the desired properties of the original NoC
(in-order packet deliveries, livelock freedom and bounded latencies).

e Chapter 6: Learning Injection Rates and Switch Configuration

In this work, we extend the learnable design space from Chapter 5 to also include
regulation rates on a per traffic trace basis. This work can be applied to max-
imise application performance for a hybrid HopliteBuf/BP NoC from Chapter 5 or
a homogeneous Hoplite NoC. We also present nested learning to learn NoC switch
parameters and regulation rates together to maximise NoC routing QoRs. We cast
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each traffic trace’s regulation rate as a random variable from a multivariate gaussian
distribution and leverage CMA-ES to learn these rates, either in isolation for a given
NoC'’s switch configuration or learn both switch configuration and rates’ distribution
together.

The key contributions of this chapter include:

— Development of a CMA-ES based learning strategy that cases regulation rates
as a random variable, sampled from a continuous multivariate gaussian distribu-
tion. The gaussian distribution’s parameters (mean and co-variance) are learnt
to maximise performance for the given FPGA application.

— Development of a nested learning strategy that allows learning of switch level
configuration of HopliteBuf/BP NoC from Chapter 5 in-tandem with regulation
rates for each traffic trace in the given application.

— We quantify improvements in application performance with rate and nested
learning. Nested learning further lowers cost constrained latency by =1.5x,
increases individual rates by ~3.1x and average rates by ~1.4x.

Chapter 7: GraphNoC: Graph Neural Networks for NoC Evaluation

Traditional NoC benchmarking methods like RTL or analytical simulation can be-
come a bottleneck in application customized NoC designs since hundreds of NoC
designs must be benchmarked for application performance over thousands of iter-
ation rounds, with each benchmark run lasting for up to minutes in runtime. In
this work, we leverage a graph based encoding framework and train Graph Neural
Network to predict routing performance for the given FPGA NoC and application.

The key contributions of our work include:

— A graph-based encoding framework to encode any combination of FPGA NoC
and FPGA application into graphs.

— Curating a dataset of over 1.5 million samples of FPGA NoCs (HopliteBuf/BP,
BFT) and their ground-truth performance on over 200 synthetic and real-world
FPGA applications

— Using the above dataset to train powerful and fast GNN models to predict
performance of FPGA NoCs for a given FPGA application.

— The trained GNNs achieve up to 97.2% top-20 accuracy for HopliteBuf/BP
NoCs while being up to ~#148 x (~506x on GPU) faster than RTL simulations
for BFT NoCs.
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— Quantification of improvements in application-specific FPGA NoC designs as
a result of GNNs’ quick and accurate NoC benchmarking: design times are
reduced by up to ~4.3x (=37x on GPU).

8.2 Future Work

e Switch Level Topology Construction for Butterfly Fat Trees NoCs

In Chapter 4 ([3]), we presented a Butterfly Fat Tree topology based NoC that
allowed matching an application’s routing bandwidth requirements to the best out
of 4 different topologies, as shown in Figure 2.2, ranging from minimal bandwidth of
a TREE (BFTO0, made up entirely of t switches) to the maximum bandwidth of a
XBAR (BFT3, made up entirely of pi switches). The 2 other remaining topologies
presented topologies constructed using alternate levels of pi and t switches in varying
cadence.

However, there is an opportunity to create more fine-grained topologies that maximise
application performance while minimising NoC costs. For example, an application
might require more bandwidth than what the BFT2 can manage but not enough
bandwidth to warrant a full XBAR. The original work of Chapter 4 will force the user
to choose XBAR in such cases, resulting in increased FPGA implementation costs,
tighter placement and worse timing closure scenarios. Instead, we can leverage the
main principals of Chapter 5 ([2]) to instead expose the choice between t and pi for
every switch as a learnable parameter and leverage algorithms similar to Maximum
Likelihood Estimation to learn the best switch configuration for the given FPGA
application whose traffic the BF'T NoC would be routing.

A successful implementation of this idea would require solving the following chal-
lenges:

— Encoding incompatible topologies into the cost function of our learning algo-
rithm. Specifically, given t and pi switches have different input and output
arity, they cannot be seamlessly connected with each other like the HopliteBuf
and HopliteBP switches of Chapter 5 ([2]) and Chapter 6 ([10]).

— Ensuring data packets always have a path to the destination PE. The uphill
and downstream data paths of the original work of Chapter 4 ([3]) have been
carefully connected to ensure that any combination of source and destination
PE for a data packet has a viable routing path. This constraint might not be
automatically satisfied in an ad-hoc mixing of t and pi switches.
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e Maximising Application Performance on Next Generation of FPGAs with

Hard NoCs

Our focus on this work has been on designing and customizing soft NoCs to maximise
performance for a given FPGA application. However, one of the key limitations of soft
NoCs is that they are implemented using the FPGA’s programmable logic which is
also shared to implement the FPGA application itself. In the cases where the FPGA
application itself is quite complex, this leaves very little room on the programmable
logic to implement the soft NoC. This can result in scenarios where NoC complexity
must be significantly toned down to leave enough programmable logic for the NoC’s
implementation, resulting in severe degradation of application routing performance.
This can also have secondary affects like making timing closure on an over-populated
programmable logic quite challenging.

As FPGA applications have grown in complexity, we have seen an emerging trend
of FPGA vendors providing a dedicated hardened FPGA NoC [1]. Such FPGA
NoCs, much like other hard macro blocks like HBM, are implemented outside of the
programmable logic as shown in Figure 8.1. Like ASIC components, their imple-
mentation logic cannot be changed but they expose certain configuration parameters
that can be programmed to best suite the FPGA application.

As opposed to user driven or compiler based decisions to program the hard NoCs, we
can instead leverage the various learning techniques presented throughout the thesis
to maximise routing performance for the given FPGA application. We now list some
parameters that can be investigated for their potential to be cast as a learnable
variable:

— Regulation rate. Each PE connection’s regulation rate can be learnt in a quest
to optimize various performance apsects like queuing latency, worst case routing
latency, minimum throughput etc.

— PE and NoC connections. Depending on complexity and size of application,
an application’s PE can be connected to multiple ingestion entry points in the
NoC. The choice of the ingestion point can influence the timing and amount of
congestion on the NoC’s interconnect. Learning entry points for each application
PE can help maximise application performance.
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Figure 8.1: A Visual representation of the hard but configurable Versal NoC, re-drawn
from [4].

e Leveraging Graph Neural Networks for Accelerating Timing and Slack
Predictions

Placement and routing of a physical RTL net-list is a time-consuming process that in-
volves placing the physical net-list blocks onto an FPGA’s programmable logic blocks
and then kicking off a time consuming process to maximise operable clock frequency
by calculating Worst Negative Slack (WNS) and Total Negative Slack (TNS). Taking
an application-customized NoC and application through the placement and routing
process can still present fresh challenges dependent on placement of net-list blocks
and subsequent timing violations. Often this requires manual user intervention to
close such timing violations by manually placing various net-list blocks and tweaking
certain parameters of timing compilation process.

While there has been previous work done on using reinforcement learning to place
such hard blocks [115], each attempt by the learnt policy will still need lengthy
timing analysis and manual tuning of timing compilation parameters. In a quest to
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accelerate FPGA bitstream compilation, the process of tuning timing compilation pa-
rameters can be optimised by casting such parameters as learnable variables, similar
to Chapter 5 ([2]) and Chapter 6 ([16]). Furthermore, subsequent timing analysis can
be accelerated by training Graph Neural Networks to predict timing slacks for each
individual links. We now list the high level idea of automating timing predictions:

— As a first step, powerful agents borne out of Reinforcement Learning create a
draft placement of net-list blocks onto the programmable logic canvas [115].

— As the second step, in similar spirit as Chapter 5 ([2]) and Chapter 6 ([10]),
learning of certain timing compilation parameters is cast as learnable parame-
ters.

— As the final step, for each combination draft of the timing parameters (step two)
and net-list placement (step 1), powerful GNNs can predict timing slack of each
wire link with high accuracy in a fraction of the time it would take for a lengthy
traditional compilation process.

— The above three steps are carried out in a loop until convergence towards an
optimized placement of net-list blocks with no timing violations.
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