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Abstract

A Manycore Architecture for Scalability, Programmability, and Compute Density

Dai Cheol Jung

Chair of the Supervisory Committee:
Professor Michael Taylor
Department of Electrical and Computer Engineering

Manycore architectures have been proposed as a way to transform abundant silicon re-
sources into highly programmable parallel processors with exceptional compute density.
However, many architectural mechanisms inherited from large, complex cores — designed to
optimize single-thread performance and support cache coherence — have limited their ability
to achieve the compute density and scalability needed to compete with other parallel archi-
tectures. This thesis presents HammerBlade Manycore, which integrates numerous novel
ideas spanning multiple areas of parallel architecture, such as VLSI resource organization,
on-chip networks, memory hierarchy, memory-level parallelism, address mapping and trans-
lation, synchronization, and thread management. Its flexibility has been demonstrated with
a parallel benchmark suite representing a broad range of computational and communication
patterns.

Network-on-Chip (NoC) has become one of the most critical components in modern,
parallel architectures. This thesis presents Ruche Networks, which leverage unused wiring
resources cost-effectively to reduce network diameter and increase bisection bandwidth by
augmenting the 2-D mesh with uniform long-range physical links. Ruche Networks are
tileable, physically scalable, and energy efficient. A comprehensive evaluation is provided,
comparing Ruche Networks with other NoCs, such as 2-D mesh, torus, and multi-mesh, in
terms of area, power, network performance, and scalability.

Finally, this thesis presents the 12 nm implementation of the 2048-core HammerBlade



ASIC. This chip achieves several milestones: it is the first to implement Ruche Networks
in a large-scale and high-frequency manycore processor, and it sets a record peak RISC-
V instruction throughput and CoreMark scores. Building a chip at this scale presents
significant challenges, including timing closure and excessively long CAD tool runtimes.

This thesis documents the technical lessons learned during tapeout.
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Chapter 1
INTRODUCTION

1.1 Motivation for Scalable Manycore Architecture

An ideal, scalable architecture should be able to adapt to improvements in process technol-
ogy, while delivering commensurate processing power and energy e ciency. Earlier single-
core processors bene ted from an increased gate density by dedicating more resources to-
ward advanced microarchitectural features, such as out-of-order and speculative execution,
to prevent stalls and tolerate latency. However, scaling up performance with these features
faces two main limitations.

First, these features become less useful for programs with limited instruction-level paral-
lelism [185]. Out-of-order execution may help improve single-threaded programs with mod-
erately complex control ow and data dependencies, but accelerating compute-intensive,
data-parallel workloads tends to be more limited by the number of functional units and
instruction issue rate. Second, scaling the hardware structures that enable these features
(e.g. instruction window, multi-ported register le, reservation station) becomes increas-
ingly expensive in terms of area and logic complexity [133].

As the logic level deepens, additional pipeline stages must be added to keep critical path
delay under control. However, pipelining introduces further side e ects, such as increased
execution latency and higher branch misprediction penalties [155]. Growing hardware com-
plexity makes scaling in newer technology less pro table [8], as the distance that signals
can traverse within a scaled clock cycle shrinks [80]. The percentage of area (and energy)
devoted to functional units that perform useful computations (e.g. oating-point unit) con-
tinues to decline [76]. Furthermore, veri cation e ort often takes more time than the design
process itself [57].

Manycore architectures aim to reverse these trends by using a large number of simple,

e cient cores for independent, parallel processing, rather than a small number of large,



complex cores optimized for single-thread performance. Such cores typically have single-
issue and in-order execution pipelines to minimize hardware cost. Building a system from
these cores involves replicating identically shaped tile blocks interconnected by Network-on-
Chip (NoC) routers. Due to their simplicity, tiled manycore architectures can be designed,
implemented, and veri ed by a small engineering team, reducing both the time and cost

required to deploy a new system [11,128].

An array of these scalar processors executing in the SPMD (Single-Program, Multiple-
Data) model is generally easier to program for workloads with irregular control ow and
data access (Figure 1.1) than vector or SIMD (Single-Instruction, Multiple-Data) archi-
tectures [111]. In contrast, SIMT-based (Single Instruction, Multiple Threads) GPUs {
whose massive parallelism relies on a multithreaded frontend fetching instructions for mul-
tiple lanes of functional units { perform poorly on programs with irregular control ow and
memory access patterns, primarily due to the restriction that all threads must progress in
lockstep [37,129]. Unsurprisingly, prior research on GPU acceleration of parallel algorithms
has largely focused on workarounds for the programmability constraints imposed by this

execution model (e.g. branch divergence, uncoalesced access) [38,81,113,176].

Hardware accelerators represent the least exible end of the programmability spectrum.
Specialization is relatively straightforward when the workload on a chip is expected to
remain largely unchanged throughout its product lifetime (e.g. a Bitcoin miner). While ac-
celerators can boost performance and energy e ciency by orders of magnitude, they are less
attractive for designing exible, parallel architectures because they sacri ce programmabil-
ity and can quickly become obsolete when new workloads appear. Although accelerators
can be con gurable to some extent, they may lose e ciency with even slight changes in

input parameters and data formats.

As new applications become more complex and diverse, the fraction of workloads )
that cannot be accelerated by a particular specialization grows over time. By Amdahl's
Law [14], the maximum speedup that can be achieved through specialization is bounded by
1 . . . .
—, assuming an ideal speedup for the accelerator. If we also account for the fraction of chip

f
area allocated to the accelerator A) { e ectively reducing the area available for general-



Figure 1.1: Data-level parallelism with highly irregular control ow and data access.

A

purpose computation { the maximum attainable speedup is further diminished to ! ;
Under this assumption, for accelerators to meaningfully impact end-to-end performance,
the fraction of workload that can be accelerated {°=1 ) must exceedA.

The trends unfavorable to specialization are already apparent in neural networks, where
non-GEMM operators have become increasingly diverse and frequent [65]. Modern SoCs
now integrate one or more xed-function accelerators alongside a small number of general-
purpose processors, with the accelerator tiles occupying signi cant chip area [53,60] (Figure
1.2 left). If these trends continue, the computational bottleneck may inevitably shift back
to the non-accelerable portion of the application.

Manycore architectures, in contrast, align closely with the growing demand for exible,
rather than specialized, parallel hardware that can support innovation in next-gen Al, ML,
and other emerging domains [49, 82,91, 108, 124,183]. A large array of exible cores can
be regrouped and reprogrammed as computational demands shift (Figure 1.2 right). A

primary objective of this thesis is to extend the manycore concept to the extreme, building

a scalable and programmable system with ASIC-like compute density.



Figure 1.2: A SoC based on a variety of xed-function accelerator tiles vs. a exible

manycore array with a similar area.

However, many architectural mechanisms inherited from large, complex cores { designed
to optimize single-thread performance and support cache-coherent shared memory program-
ming { have limited prior manycore designs from achieving the compute density and scala-
bility required to compete with other parallel architectures, such as GPGPUs. This thesis
presents HammerBlade Manycore the result of integrating numerous novel ideas across
multiple domains of parallel architecture, including VLSI resource organization, on-chip
networks, memory hierarchy, memory-level parallelism, address mapping and translation,

synchronization, and thread management.
1.2 Motivation for Scalable Network-on-Chip

Network-on-Chip (NoC) has become one of the most critical components in modern parallel
architectures. Today's parallel processors and accelerators, built to handle data-intensive
workloads, demand far more bandwidth than ever before. At the same time, the scale of on-
chip networks has continued to grow { designs with over 100K cores on a single, full-reticle

silicon die no longer seem far-fetched. This raises an important question: how should we



design large-scale NoCs for future chips? To answer this, we must rst recognize that NoC
concepts originally emergedbottom-up, driven by the physical-design challenges that chip
engineers have faced, such as wire delay [161] and limitations with VLSI CAD tools [48]. Yet
many of the prior NoC proposals appear to have overlooked these constraints. This thesis
renews attention to physically motivated NoC designs by emphasizing two fundamental
requirements for large-scale NoCs: physical scalability and tileability.

Physical scalability refers to an ability to increase network size without compromising
cycle time or wire congestion. To achieve that end, certain aspects of NoCs must remain
constant as the network scales. First, router complexity (e.g. router radix, crossbar, bu er
size) should remain constant so that the area and critical path delay do not grow unbounded.
Second, maximum wire lengths between nodes should not grow in order to keep the wire
delay under control. Lastly, the number of links to route between nodes should not be
xed to avoid exhausting wiring tracks or having to narrow channel widths. Figure 1.3
shows examples of low-diameter NoC topologies with non-local links. High-radix topologies
(Figure 1.3 c,d), such as MECS [71] and Flattened Butter y [102], would be the examples

of NoCs that have been regarded as the state-of-the-art, but not physically scalable.

Figure 1.3: Low-diameter NoC topologies with non-local links.



The second important property for a large-scale NoC igileability . The idea of replication,
whether at a transistor-level or at a tile-level, is very fundamental to VLSI. For practical
reasons, it is important to have an architecture that can be decomposed into replicable
tiles. VLSI CAD algorithms (e.g. placement, routing, gate sizing) are inherently NP-
hard, because they aim to optimize multiple con icting objectives. When a CAD tool is
given too large or too complex of a problem, it may fail to converge. Chip design using
CAD tools is a highly iterative process, so if each iteration takes a day or even a week, it
decimates productivity and the chances of meeting the tapeout deadline. Furthermore, these
CAD tools are proprietary and very expensive, costing up to$300K per license. Therefore,
uniform NoC routers that allow replicable tiles are desirable. High-radix topologies (Figure
1.3 c,d) require a unique tile for each core due to their non-uniform routers and irregular
wiring.

Unsurprisingly, 2-D mesh has been the predominant on-chip network topology in most
architectures, as it is both physically scalable and tileable. Unlike high-radix topologies
[5, 71, 102], 2-D mesh features local and regular wire routing between tiles. This allows
every tile to have an identical shape that can be replicated in an array of any size to |l
the available silicon area { even non-power-of-2, as seen in @ ET-SoC-1 [52] and 18 20
Tesla DOJO [159]. Additionally, 2-D mesh can be implemented using a standard-cell-based,
automated CAD ow, making it relatively straightforward to adapt an existing design to a
more advanced process technology.

Despite its low design complexity, 2-D mesh su ers from poor latency and throughput
scaling, as noted by many prior studies [5, 23,102,116, 152]. As the network size grows,
the network diameter becomes substantial, and the bisection bandwidth becomes a critical
bottleneck, forcing cores to inject fewer packets [152]. Energy ine ciency also degrades
with the increased number of routers and added hops [35]. Furthermore, packets travel at
a speed signi cantly slower than the raw speed of wire.

Several approaches have been proposed in literature to address the scalability limitations
of 2-D mesh. However, these solutions often trade one problem for another and are based
on assumptions that are either outdated or no longer valid in modern architectures.

Concentration co-locates a number of cores (usually 2 to 4) within a single tile to share



a network router with a multiplexed input [23]. This approach assumes that the trac
injection rate of each core is low, so the probability of con icts at the network input also
remains low. While this assumption may hold for multi-core cache-coherent networks {
where a processor issues a request and waits { it does not apply to modern parallel processors
optimized for data-intensive kernels, where word-level packets are sent and received every
cycle in bursty, continuous streams. Overall, the aggregate injection bandwidth is also
reduced.

Concentration reduces the total number of networks nodes, thereby lowering network
latency and overall energy consumption, but it also halves the bisection bandwidth. In
order to compensate for this lost bisection bandwidth, a typical mitigation has been to
double the network channel width. However, previous NoC studies incorrectly assume that
the underlying core architecture can e ciently exploit a wider channel. In reality, a wider
channel requires additional logic for serialization and deserialization to match the intrinsic
ingress and egress bandwidth of the endpoint (e.g. a number of words that can be read
from SRAM each cycle). This mismatch not only introduces serialization latency, which
negates the latency reduction benet of concentration, but also increases area overhead
by necessitating more bu ers to prevent network stalls. Alternatively, channel bandwidth
could be matched by widening the SRAM and processor datapaths, but this enlarges the
tile size and, ironically, does not improve the network bandwidth in absolute physical terms
(e.g. Tera-bit/s/mm).

Even without using concentration, increasing the channel width is not a scalable method
for boosting bandwidth in 2-D mesh, as it linearly increases the area required for crossbars
and bu ers. Furthermore, as observed in previous parallel processor designs, 2-D mesh
networks still underutilize the available wiring tracks between tiles, achieving only about
24% utilization [140]. Using a concentrated router with a wide channel typically requires a
larger, slower crossbar, which can increase the number of cycles per network hop or force a
reduction in clock frequency to meet timing constraints. This, in turn, negates the latency
bene ts provided by concentration. Placing the NoC in a slower clock domain su ers from
similar bandwidth-mismatch issues.

Ruche Networks(Figure 1.3 a,b) address the scalability challenges of 2-D mesh by aug-



menting it with regular, long-range links [93, 95, 131]. While retaining all the desirable
properties of 2-D mesh to maintain physical scalability, Ruche Networks provide an ar-
chitecturally exible and cost-e ective mechanism to scale bisection bandwidth without
requiring an overhaul of the underlying processor architecture. This thesis presents a de-
tailed evaluation of its network performance and energy e ciency compared to other NoC

topologies.
1.3 Contributions

This thesis makes the following contributions:

"~ HammerBlade (HB) , a novel manycore architecture, achieves unprecedented com-
pute density and scalability by replacing outdated, ine cient architectural mecha-
nisms with simpler yet more e ective alternatives. Its exibility is demonstrated
using a parallel benchmark suite that captures a wide range of computation and com-

munication patterns.

Ruche Networks are physically scalable and tileable NoCs, which cost-e ectively
leverage otherwise unused on-chip wiring resources to improve both network perfor-

mance and energy e ciency.

* The 12-nm, 2048-core, 99 mm 2 HammerBlade ASIC  sets multiple records. It
is the rst to demonstrate the feasibility of Ruche Networks in a large-scale, high-
frequency manycore processor. It achieves the highest single-chip RISC-V instruction

throughput and CoreMark score.

1.4 Thesis Outline

This thesis is organized as follows:

Chapter 2 describes the HammerBlade Manycore architecture and evaluates it using the
parallel benchmark suite. Chapter 3 goes into an in-depth discussion and evaluation of
Ruche Networks. Chapter 4 presents the 12 nm implementation of Ruche Networks in a

2048-core HammerBlade ASIC. Chapter 5 concludes the thesis and outlines future research.



1.5 Relation to Published Works

This thesis contains materials from published or submitted papers, where | am named as

the rst author or one of the co- rst authors.

\Scalable, Programmable and Dense: The HammerBlade Open-Source RISC-V Many-
core" [94], Published in ISCA 2024

" \Ruche Networks: Wire-maximal, No-fuss NoCs" [93], Published in NOCS 2020

\Evaluating Ruche Networks: Physically Scalable, Cost-E ective, Bandwidth-Flexible
NoCs" [95], Published in ISCA 2025

" \HammerBlade in Silicon: A 12-nm 2048-core RISC-V Manycore SoC with Ruche
Networks" [61], Published in TVLSI 2026.

1.6 Open-source Research Artifacts

Research artifacts, created and used by this research, are contributed to the following public,

open-source repositories.

BSG Manycore { RTL and testing infrastructures for HammerBlade Manycore.

https://github.com/bespoke-silicon-group/bsg_manycore

BaseJump STL { RTL for basic hardware building blocks.

https://github.com/bespoke-silicon-group/basejump_stl

HammerBench { Parallel benchmarks used for HammerBlade evaluation.

https://github.com/bespoke-silicon-group/hb_hammerbench

bsg_replicant { C++/Verilog cosimulation infrastructure for HammerBlade.

https://github.com/bespoke-silicon-group/bsg_replicant
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" hb _utilization { Python scripts for parsing, summarizing, and visualizing perfor-
mance metrics.

https://github.com/tommydcjung/hb_utilization

" hb _bigblade { TCL scripts used to build the 12 nm HammerBlade ASIC.
https://github.com/bespoke-silicon-group/hb_bigblade
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Chapter 2
HAMMERBLADE MANYCORE

2.1 Architecture

This section describes the architectural features and mechanisms of HammerBlade Many-

core.

2.1.1 Cellular Manycore

Figure 2.1 shows the resource organization used in conventional manycore architectures.
Generally, a larger pool of cores and on-chip storage is desirable to enable greater paral-
lelism and data reuse. Logical scalability refers to the degree to which network resource
consumption and latency for a basic memory operation remain controlled as the core count
grows.

Earlier manycore architectures were primarily at manycores (Figure 2.1a), consisting
of a large, uniform tile array interconnected by a 2-D mesh, with memory or 1/O interfaces
positioned at the edges of the chip. For nearest-neighbor communication, this design scales
e ectively; however, for random or all-to-edge communication, as typical in DRAM accesses,
network resource consumption grows quickly. For N N mesh, each tile can only inject
packets at an average rate of 2/N per cycle before the edge network channels become fully
saturated [152].

Later, hierarchical manycores (Figure 2.1b) were introduced to address this logical scal-
ability limitation by grouping cores into clusters connected in a rigid network hierarchy.
Within each cluster, cores are often connected via low-latency crossbars to share common
resources. While crossbars provide uniform latency between all cores in a cluster, scaling
cluster size is limited because the crossbar area grows quadratically with the number of
inputs. These clusters are then interconnected by the network through another level of

hierarchy, usually with wider channels. This approach works well for transferring cache-line
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sized data but is ine cient for ne-grained, random access common in graph processing and
sparse datasets. Sharing data between clusters also requires coordination between L1 and

L2 caches, introducing additional cache-coherency complexity and overhead.

Figure 2.1: Resource organization in conventional manycore architectures.

HammerBlade adopts a distinctive resource organization, callecCellular manycore, con-
sisting of an array of replicable macro units, referred to asCells, as shown in Figure 2.2.
Each HB Cell is a 2-D array of compute tiles and two 1-D arrays of cache banks. All
compute and cache tiles are interconnected via the Ruche Network [93,95,131], a 2-D mesh
augmented with uniform long-range links that pass through tiles. These additional links
increase bisection bandwidth and reduce the network diameter without compromising the
mesh's ability to map e ciently onto a silicon substrate. As the length of these links in-
creases, more wiring passes through the tiles, e ectively utilizing otherwise unused VLSI
wiring resources with minimal hardware overhead. In the HB implementation, Ruche links
that skip three tiles horizontally boost the peak bisection bandwidth by 4 , compared to
conventional 2-D mesh.

HammerBlade employs a at, uniform network hierarchy, with the Ruche Network ex-
tending beyond individual Cell boundaries to connect adjacent Cells. This design allows
network packets to reach any location on the chip without altering the packet format,
avoiding additional hardware for serialization and deserialization and eliminating arbitrary

network bottlenecks. By default, the cores within a single Cell cooperate on a common prob-
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Figure 2.2: Overview of HB Cellular manycore architecture.

lem using the Cell's shared cache banks. In Section 2.2, we describe how PGAS (Partitioned
Global Address Space) is con gured to support this a nity.

HammerBlade's cache hierarchy is also at. The cache banks serve as the last-level
cache before DRAM, with each bank independent and mapped to an exclusive range of
DRAM address space to avoid coherence issues. The cache banks implementi@e-validate
policy [90], as commonly used in GPUs [97], which eliminates unnecessary DRAM reads for
cache write misses. This is a useful feature for workloads that write results in large blocks.
The cache banks are alsaon-blockingand provide su cient bu ering to ensure that primary
and secondary misses are drained out of the network, allowing other hit requests to proceed
without delay. All miss status holding registers (MSHR) are consolidated at the last level of
cache hierarchy and shared among all tiles for better utilization, rather than being scattered
throughout the hierarchy. Additionally, RISC-V cores can perform remote atomic operations
(e.g. atomic-swap, OR, add) on these cache banks with acquire/release semantics [186],
enabling the synchronization primitives required for e cient parallel programming.

Each strip of cache banks incorporates 1-D wormhole ow-controlled channels that are
used exclusively for cache re Il and eviction tra c. As shown in Figure 2.2, each cache bank
strip includes multiple pairs of skippedchannels, which improve fairness and reduce latency

for banks located near the middle of the strip. The skip distance and channel width can be
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tuned to match the available HBM2 bandwidth.

2.1.2 HammerBlade RISC-V Core

Each HB core is a high-frequency, area-optimized, single-issue, in-order, 5-stage, RISC-V
processor with atomic and oating-point extensions. Each core contains 4 KB scratchpad
memory (SPM) and 4 KB instruction cache (icache) (Figure 2.3). Smaller SRAMs enable a
greater number of cores at the cost of reduced bit density. We select the size that maximizes
core count while remaining su cient to hold sizable kernel inner loops. This design choice
is a major contributor to HB's improved compute density. In contrast, a Piton tile contains
16 KB of instruction cache and 80 KB of multi-level data cache, yet still provides only
single-issue throughput [121].

SPMD's independent program execution model is a key advantage over SIMT, in which
threads must execute in lockstep. HB cores minimize the associated cost in their frontend to
support this model e ciently. The core employs a simple branch predictor with a two-cycle
misprediction penalty. The core predicts “taken' for a backward branch and “not taken' for
a forward branch, which is su ciently accurate for a wide range of data-parallel kernels and
inexpensive to implement. The icache isdirect-mapped with four-instruction cache lines
and 12-bit tags. This provides 16 MB of program space, which is practically “unlimited’
for many data-parallel kernels. Tag bits and instructions are combined in a single SRAM
block, incurring only a 25% area increase compared to the 4 KB instruction memory used in
Celerity [50]. Furthermore, for branch and jump instructions stored in the icache, the lower
bits of the target address are precomputed and embedded in the immediate eld, e ectively
serving as a zero-area branch target bu er (Figure 2.4).

HammerBlade uses Berkeley HardFloat [77] for oating-point arithmetic with some mod-

i cation. The fused multiply-add (FMA) unit was modi ed to share its multiplier with the
integer multiply unit to reduce area. We also optimized the count-leading-zero (CLZ) logic
used in the FMA and conversion units to shorten the critical path and improve timing.

HB provides more e cient mechanisms for memory-level parallelism (MLP) than other

throughput-oriented architectures. HB cores areexplicitly interfaced with the on-chip net-
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Figure 2.3: HB RISC-V core pipeline schematic.

work, such that each RISC-V memory operation targeting a remote resource is directly
converted into a network packet. In most architectures, data movement is handled implic-
itly through cache re Il and evict mechanisms at block-level granularity. For ne-grained

accesses, this may waste on-chip bandwidth and storage by transferring unnecessary data.

HB's remote memory operations arenon-blocking enabled by a bit-vector-based score-
board that occupies less than 1% of tile area. In contrast, GPU multithreading relies on
a massive register le to keep every thread context readily available, which amounts to a
signi cant fraction of GPU area and energy [109]. A single HB tile can launch as many as 63
outstanding load requests (equal to the number of FP and integer registers), each of which
may generate a cache miss and a DRAM request at the shared LLC banks, providing an
ample source of MLP. While store requests can be injected without any restrictions, a con-
guration register is available to throttle the number of outstanding requests and prevent

network overload.
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Remote loads can be pipelined through the network, creating a separation between
when the load requests are launched and when their results are consumed, thereby hiding
latency (Figure 2.11). In contrast, SIMD execution models impose the restriction that all
memory requests generated by an instruction must complete before execution can proceed.
Uncoalesced GPU memory accesses must be replayed over multiple cycles, further degrading

pipeline utilization [37,129].

Figure 2.4: Instruction cache branch target bu er.

2.1.3 HB Network-on-Chip

HB's simpli ed NoC design plays a crucial role in maximizing compute density and network
scalability. It represents a major departure from prior manycore designs, which often inte-
grated multiple NoCs tailored to various tra c types. For example, Epiphany-V tiles [127]

include routers for both on-chip communication and o -chip (DRAM) tra c. In contrast,
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HammerBlade separates o -chip routers from compute tiles, keeping tile area low.

Raw [173] and Tilera [30] implement fast register-to-register scalar transfer networks,
but their routing rules must be pre-con gured at compile-time in a large instruction bu er,
using a specialized compiler [110]. Raw also includes a dynamic wormhole-routed message
network; however, because it is prone to deadlock, an additional identical network is required
for deadlock recovery [161]. Tilera further provides dedicated networks reserved exclusively
for /0 and kernel-level tra c to isolate them from user code [187]. Since many workloads
do not fully utilize all of these specialized networks, substantial network resources often
remain unused.

HammerBlade addresses these issues by adopting a NoC design that provides only the
fundamental functionalities required for scalable, e cient communication, eliminating un-

necessary complexity and underutilized resources.

2.1.3.1 HB Global Network

All core tra c travels on two physically separate Half Ruche networks: one for requests,
and the other for responses. Each RISC-V memory operation is injected into the network as
a single- it packet containing the destination (X,Y) coordinate and an o set address, which

is translated from the memory address using the PGAS mapping described in Section 2.2.
Each request packet also contains the source coordinates and opcodes.

Because the frequently accessed cache banks are located along the top and bottom
edges of each Cell, static dimension-ordered routing (DOR) using X Y for the request
network and Y! X order for the response network maximizes the network throughput [6].
As the size of the Cell grows, horizontal channels that cross the bisection become the
primary bottleneck. The Half Ruche network [93], which augments the mesh with additional
horizontal channels, alleviates this limitation.

Unlike the channels that interconnect clusters in hierarchical manycores, the Cellular
manycore's globally uniform network e ciently transfers sparse, random data between Cells.
In HB, the wiring density (e.g. bits per mm) is 21.6 higher horizontally and 7.0 higher

vertically than in ET-SoC-1, a representative hierarchical manycore that employs a 1024-
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bit-wide 2-D mesh network [151].

Figure 2.5 plots the utilization of bisection links between two Cells over time during the
transfer of 1 MB of sparse data to random locations in the cache banks of an adjacent Cell, in
both the vertical and horizontal directions, assuming no cache miss. The Cellular manycore's
globally uniform network and word-access per packet enable high bandwidth utilization
(80 90%) even for completely sparse, random data transfer between Cells { performance

that is unattainable with the 1024-bit wide channels used in hierarchical manycores.

Figure 2.5: Bisection link utilization between two Cells over time.

While word-access per packeis highly e ective for sparse, random data transfers, it can
easily overwhelm the network when many tiles simultaneously read large sequential blocks.
To address this, HB implements Load Packet Compressionto utilize on-chip bandwidth
more e ciently. When the processor detects consecutive remote load instructions in the
instruction stream that access sequential addresses and target the same network destination,
it coalesces them into a single packet. Instead of transmitting four separate packets |- each
carrying a register ID and address |- the core sends one packet containing four register IDs
and a single base address. Combined with the Ruche Network, this mechanism signi cantly

alleviates the bisection bottleneck and enables scalable operation with larger Cells.
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2.1.3.2 Hardware (HW) Barrier

HammerBlade adopts the Bulk-Synchronous Parallel (BSP) programming model [177], in
which data ownership (e.g. between readers and writers) is exchanged ibulk between
successive program phases, separated by memory fence and barrier synchronization. Un-
like cache-coherent shared-memory models, the BSP model scales better and enables more

hardware-e cient implementations by avoiding ne-grained coherence.

HB Compute tiles can synchronize with low latency using a 1-bit-wide network that
shares the same Half Ruche topology (Figure 2.6). The HW barrier is controlled by two
con guration registers: (1) the input directions (if any) from which a tile must receive
barrier signals before forwarding its own signal, and, (2) the output direction to which the
tile sends its barrier signal upon joining the barrier. Using these con gurations, a group of
cores can form a tree-like structure [191], with barrier signals converging at a single root

node.

Once the signal reaches the root, a wake-up signal is propagated back to the leaf nodes.
With the Ruche links that skip three tiles horizontally, a barrier signal from the most
distant tile can reach the root in only eight cycles. The HW barrier costs extremely low
area overhead (less than 1% of tile area), and its latency scales far better with core count

than the software-implemented barriers (Figure 2.6).

Invoking the HW barrier from software requires only two custom RISC-V instructions:
one to activate the barrier signal (barsend) and one to wait for synchronization (barrecv ).
In contrast, software barriers can require tens to hundreds of instructions. Given HB's small

4 KB icache, reducing instruction footprint is a major win.

2.2 Parallel Programming Model

This section describes HB's programming model and the PGAS mapping that impose a
logically de ned hierarchy on at hardware. We present the basic programming primitives
upon which higher-level abstractions can be built. We introduce the parallel benchmark

suite used for evaluation.



20

Figure 2.6: HW Barrier Network and latency comparison with SW-implemented barriers.

2.2.1 HB Programming Model

At the Cell-level, HB's programming model follows SPMD, which is well-suited for irregular
data access and control ow. Within a Cell, the tile array can be logically divided into
smaller rectangular units calledtile groups (Figure 2.2), enabling ner-grained thread man-
agement compared to SIMT architecture, where threads are organized into coarse-grained

units such as warps or wavefronts.

Choosing a tile group size involves a trade-o between latency and throughput. For



21

certain workloads, latency can be reduced by assigning more tiles to a single group. If la-
tency is less critical, multiple smaller tile groups can execute independent tasks in parallel,
improving overall throughput. However, some workloads, such as graph and sparse appli-
cations, may not benet linearly from larger tile groups. In such cases, smaller tile groups

enable task-level parallelism.

In this context, a task refers to a coarse-grained unit of computation with data-dependent
control ow that operates on a shared data structure and can execute in parallel. Examples
include executing di erent queries on a common graph or multiplying a stationary sparse
weight matrix with multiple activation matrices. Tile groups can leverage the recon gurable
HW Barrier to synchronize e ciently within the groups. At the chip-level, each Cell can
either run the same kernel on a portion of a large problem or execute di erent kernels in a
producer-consumer pipeline.

Kernel code can be written in C/C++ and compiled with RISC-V GNU/LLVM toolchain
[2], with optional support from domain-speci ¢ languages [36,44,45]. The host runtime is
responsible for memory management and data movement, and it launches kernels on the
Cells by passing pointers to the relevant data. Tiles are assigned unique IDs, analogous to
block and thread IDs in CUDA [126].

Kernels execute within the PGAS, which is divided into ve major address spaces to
re ect the logical memory hierarchy in the HB system (Figure 2.7). This organization allows
programmers to place data in the most appropriate memory level to maximizephysical
locality, keeping data close to the processing tiles. PGAS mapping also de nes how tiles
collaborate and share data within HB's physically at cache and network hierarchy.

Translation from a virtual address to a network address is performed using low-cost com-
binational logic, avoiding expensive hardware such as TLBs (translation lookaside bu ers).
A few of the upper address bits determine the major address space to which an address
belongs. Within each address space, the X and Y coordinates of the destination tiles are

either directly encoded in the address or generated via an address-hashing scheme.

1. Local SPM provides access to a tile's local 4 KB scratchpad. Addresse9X0  Oxfff )

are private to a tile. A program stack is allocated here. A tile can copy blocks of data
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Figure 2.7: HammerBlade PGAS Mapping.

Figure 2.8: IPOLY hashing table for 32 banks.

from DRAM into Local SPM for fast, low-latency processing.

. Group SPM provides a shared address space that allows tiles to remotely access other

tiles' scratchpads. The address encodes both the relative X,Y coordinates of the
target tile and the SPM address o set. This space is particularly useful for spatially
distributing data when communication patterns are structured and predictable, such

as nearest-neighbor or systolic-array computations.

Setting up a tile group is straightforward. Each tile has a con guration register
specifying thetile group origin coordinates. All tiles in the same group set this register
to the coordinates of the top-left tile. Using this register with the relative coordinates
encoded in the address, the absolute coordinates of any tile can be calculated. This

approach allows tile groups to be placed anywhere in the manycore array without
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requiring kernel recompilation.

. Local DRAM provides access to the portion of DRAM exclusively allocated to each
Cell, where most computation occurs. This address space is private to the Cell but
shared among its constituent tiles. Accesses are mediated through the Cell's local
cache banks. Regional IPOLY hashing [144] pseudo-randomly distributes addresses
across cache banks at cache-line granularity. This prevents the partition camping
problem caused by 2-stride access patterns, which are common in many parallel

applications [12,97].

Figure 2.8 illustrates a simple method to generate an IPOLY hashing table. For 2
banks, if N is odd, the seed in the rst column is set to 101; if N is even, it is set
to 11. Each subsequent column is generated by shifting the previous column down
by one row. If the most signi cant bit (MSB) of the current column is 1, the shifted
result is XORed with the rst column. This process is repeated until enough columns

are generated to cover the size of the target address space.

. Group DRAM provides access to the Local DRAM of another Cell, enabling e -
cient broadcasting or gathering of results across Cells before the next program phase.
As shown in Figure 2.5, Cellular manycore's inter-Cell connections support high-
bandwidth transfers of both sparse and sequential data. Figure 2.9 illustrates host
code for a producer-consumer model, where a producer Cell uses a Group DRAM
pointer to write results directly into a consumer Cell's Local DRAM space, minimiz-

ing unnecessary data movement.

Figure 2.10 shows a kernel routine that synchronizes a producer and a consumer after
a data transfer completes. It uses custom load-reservation instructions, wherdr
loads and creates a reservation on a local SPM, anll _aq stalls until the reservation

is broken by a remote store sent from another tile to the reserved address.

. Global DRAM is shared by all tiles on the chip, and is distributed across all cache

banks using a custom hash function. This address space provides a convenient location
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for Cells to combine partial results at the end of kernel execution. The host can
use this space to transfer large blocks of data to the chip, taking advantage of the
full DRAM bandwidth. On very large chips, such as a 100K-core design, all-to-all
communication can become unsustainable. In such cases, the chip can be divided into
grids, a rectangular group of Cells, to introduce an additional layer of locality. The
most signi cant bits of an address select the grid, while the remaining bits are used

for hashing within the grid.

/I HOST PROGRAM;

/I Instantiate two Cells at (X,Y) location (0,0) and (1,0)
auto cell0 = new Cell(0,0);

auto celll = new Cell(1,0);

/I Load different kernels on two Cells;
cell0.load_kernel("producer.riscv");
celll.load_kernel("consumer.riscv");

/I Allocate memory on Cells' Local DRAM;

float* input0, inputl, output2;
cello.malloc(4096*sizeof(float), &input0);
celll.malloc(4096*sizeof(float), &inputl);
celll.malloc (4096*sizeof(float), &output2);

/I Launch kernels;

/I group_dram() produces a pointer to

/I Celll's Local DRAM in Group DRAM space;
cell0.launch(inputO, cell0.group_dram(celll,inputl));
celll.launch(inputl, output2);

Figure 2.9: A host program launching producer-consumer kernels on two Cells.

2.2.2 Parallel Benchmark Suite

To demonstrate the parallel programmability of HB, we introduce a parallel benchmark
suite, inspired by Berkeley's parallel computing dwarfs [16]. Dwarfs represent a broad
set of parallel computation and communication patterns that have persisted through time

and are expected to remain relevant in the foreseeable future. Covering these bases lends
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/I 'alert' is an address in local scratchpad, initialized to O;
void tile_group_wait (int* alert) {
/I tile0O waits for a remote store to 'alert’ from another Cell,
/I before joining the barrier with other tiles;
if (__tile_id == 0) {
while (1) {

/l loads and creates reservation;

int tmp = Ir(alert);

if (tmp) {
/Il if it's 1, remote store has already arrived;
break;

} else {

/I tile stalls on Ir_aq() until the reservation is broken by a remote store;
tmp = Ir_aq(alert);
if (tmp) {

break;

}

hw_barrier(); // hardware barrier sync;

Figure 2.10: A kernel routine for synchronization between a producer and a consumer tile-

group.

con dence that HB can adapt to rapidly evolving workloads as a general-purpose parallel
architecture. Table 2.1 summarizes the benchmarks and the corresponding dwarfs. These

benchmarks generally fall into one of three categories:

(1) Compute-intensive, Low-communicatiort AES, BS, and SW kernels exhibit high
operational intensity and require minimal memory access. In these workloads, e ciently
using the local scratchpad for frequently accessed data is critical. For example, in AES,
each tile stores its own copy of the S-box in Local SPM. BS is dominated by oating-point
division and square-root operations, both of which are supported in every HB tile. SW is an

example of dynamic programming, which tends to have a high branch-miss rate. In general,
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Benchmarks (Abbrev.)

Dwarfs

Input Data

AES (AES)
Barnes-Hut (BH)
Black-Scholes (BS)
Breadth-First Search (BFS)
2-D FFT (FFT)

Jacobi (Jacobi)

PageRank (PR)
Smith-Waterman (SW)
MatMult (SGEMM)

Combinational Logic 16384

N-Body
MapReduce
Graph Traversal
Spectral Method
Structured Grid

Graphical Model

1KB messages
16K, 32K, 64K bodies
10M options
See Table 2.1b
16K/32K points (64/512 )
256/512 512 64
See Table 2.1b

Dynamic Programm. 64K sequences

Dense LA

Sparse MatMult (SpGEMM) Sparse LA

512 512 512 (256 )
See Table 2.1b

(a) List of benchmarks and their corresponding Dwarfs from [16].

Name (Abbrev.) Type Edges \ertices
wiki-Vote (WV) Social 103689 8297
o shore (OS) Scienti ¢ 4242673 259789
roadNet-CA (CA) Road 5533214 1971281
road-central (RC) Road 33866826 14081816
road-usa (US) Road 57708624 23947347
ljournal-2008 (LJ) Social 79023142 5363260
hollywood-2009 (HW)  Social 113891327 1139905
soc-Pokec (PK) Social 30622564 1632803

(b) List of sparse matrix, graphs in Compressed Sparse Row

format used in the evaluation (Source: [51])

Table 2.1: Ten parallel benchmarks used to demonstrate HB's parallel programmability.

these kernels scale well and can be accelerated simply by adding more cores.

(2) Compute-intensive, Sequential-accessSGEMM, FFT, and Jacobi kernels are char-

acterized by distinct phases in which tiles initially load large, sequential blocks of data,

perform extended computations, and then write back the results. Load Packet Compres-

sion accelerates the initial loading, while the write-validate cache policy optimizes the write

back. For workloads with well-de ned communication patterns, such as Jacobi (nearest-

neighbor), data can be spatially distributed in Group SPM for fast access and persistent

storage, ensuring it is not evicted as it would be in a conventional cache.

Figure 2.11 shows a Jacobi kernel that leverages Group SPM pointers. Each tile loads
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1 1 512 vector into its Local SPM and synchronizes by using the memory fence followed
by a HW barrier. Tiles can access neighboring pixels with low latency using Group SPM
pointers. This can be dicult to achieve in hierarchical manycores, where inter-cluster

bandwidth is limited and accessing another cluster may involve additional network or cache

hierarchy levels.

This kernel also demonstrates how non-blocking remote loads can be pipelined in the
network, creating a temporal separation between when the loads are issued and when their
results are used, thereby hiding latency. Subsequent local loads further extend this separa-

tion, improving overall performance.

(3) Memory-intensive, Irregular-access SpGEMM, PR, BFS, and BH operate on sparse
and irregular data structures that are di cult to partition. Each Cell replicates all or part
of the data structure in its Local DRAM for faster access. These algorithms generally
involve multiple iterations, requiring Cells to synchronize at the end of each iteration to
exchange partial results for the next iteration. Data exchange can be performed either
by broadcasting via Group DRAM pointers or by combining results in the Global DRAM

space.

Workload imbalance is a major challenge for memory-intensive, irregular-access kernels
[117,153,154,157,190]. Although addressing this issue is beyond the scope of this thesis,
we describe the basic mechanisms used in our evaluation, which more advanced methods,

such as work-stealing runtime [45], can build upon.

To distribute work among Cells, nodes or tasks are rst statically partitioned. For
example, in the direction-switching BFS [26], each Cell is assigned a subset of frontier
nodes in the forward direction or a subset of unvisited nodes in the backward direction. In
SpGEMM, following Gustavson's algorithm [75], each Cell is assigned a subset of output
rows to compute. Within each Cell, tiles can use atomic-add operations to implement

parallel for-loops (Figure 2.12).

The runtime of each subtask can vary signi cantly depending on the input graph. Here,
the SPMD model's independent thread execution is a key advantage, making it well-suited

for kernels with highly irregular data access and control ow.
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2.3 Evaluation

In this section, we evaluate the HB architecture using the parallel kernels, described in

Section 2.2.

2.3.1 Experimental Setup

HB's performance has been evaluated by cycle-accurate simulation of its silicon-validated
open-source RTL. We simulate four 16 GB stacks of HBM2 [85] operating at 1.0 GHz,
providing a peak bandwidth of 1 TB/s. DRAMSIm3 [114] is integrated with the RTL model
via the SystemVerilog DPI interface to accurately model HBM2 pseudo-channel timing.
From the 2048-core ASIC, measurements indicate a peak frequency of 1.35 GHz at
nominal voltage under passive air cooling. Key parameters are summarized in Table 2.2.
Due to prohibitively long simulation time for multi-Cell simulations, we model multi-Cell
performance by executing multiple single-Cell simulations in parallel and conservatively

estimating inter-phase data transfer times based on the data size and network bandwidth.

Con gurations 16 8 | 16 16 | 32 8 | 2 16 8
Area (mm 2) 311 539 620 620
Cell Array 8 8 8 8 8 8 16 8
Core Array 16 8 | 16 16 | 32 8 | 16 8
Scratchpad Size (KB) 4

Cache Sets 64

Cache Ways 8

Cache Block Size (B) 64

Cell Cache Banks 32 32 64 32
Cell Cache Size (MB) 1 1 2 1
Total On-chip Storage (MB) 96 128 192 192
Core Frequency 1.35 GHz

Memory Frequency 1.0 GHz

Core / mm 2 264 | 303 [264 [ 264

Table 2.2: HB machine con gurations for evaluation.

Our baseline HB design consists of an 88 Cell array, with each Cell containing a 16 8
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core array, for a total of 8192 cores. In this setup, each Cell is mapped to a single HBM2
pseudo-channel. Based on our 12 nm implementation, the Baseline HB occupies 310 rhm
which is less than half the die area of contemporary GPGPUs [125]. We explore di er-
ent strategies to double compute resources, while keeping the HBM2 bandwidth constant
(Figure 2.13):

(1) Doubling the size of each Cell vertically(16 16): This approach doubles the number
of compute tiles within a Cell, but reduces the cache capacity per tile by half. Larger Cells
generally increase the average hop latency to the cache banks.

(2) Doubling the size of each Cell horizontall{32 8): This strategy doubles the number
of compute tiles, the cache bank capacity, and the aggregate cache bandwidth. The larger
cache allows more e cient processing of bigger datasets by reducing the cache miss rate.
However, a wider Cell dimension puts more pressure on the bisection bandwidth.

(3) Doubling the number of Cells(2 16 8): This achieves a similar increase in compute
resources as the 328 approach, but creates two distinct Local Cell address spaces, allevi-
ating pressure on the bisection bandwidth. This is well-suited for embarrassingly-parallel
kernels, where data can be easily split. However, data structures that are di cult to par-
tition, such as graphs or octrees, may need to be duplicated in the Local DRAM of each

Cell.
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/I Each tile has 1x1x514 buffer on local SPM;

#define Z 512

float data[zZ+2];

/I Pointers to neighbor SPMs using group SPM pointer;

/I __tile_x,y is this tile's coordinate;

float *p_left = group_spm(__tile_x-1, _tile_y,&data[1]);

float *p_right = group_spm(__tile_x+1,__tile_y,&data[l]);

float *p_up = group_spm(__tile_x,__tile_y+1,&data[1]);
float *p_down = group_spm(__tile_x,__tile_y-1,&data[l]);
for (int i = 0; i < Z; i+=4) {

/I Load 22-points in register file;
register float self[6];
register float left[4];
register float right[4];
register float up[4];
register float down[4];
/I Remote loads; unrolled by compiler...
for (int j = 0; ] < 4; j++) {

left[j] = p_left[i+j];

right[jl = p_right[i+]];

up[jl = p_upli+j];

down[j] = p_down[i+j];
}
/I Local loads; unrolled by compiler...
/I Also helps hide remote load latency;
for (int j = 0; j < 6; j++) {

self[j] = datali-1+j];
}

/I Compute and store 1x1x4 output...

Figure 2.11: Jacobi kernel snippet demonstrating the use of Group SPM pointers to remotely

access nearby scratchpads.



31

#define NUM_FRONTIER 1000000
/I These point to buffers in Local DRAM;
int* qO0; // Initialized to 0 by host;
int* offset, nonzeros, distance;
int* curr_frontier, next_dense_frontier;
/I Parallel for-loop using amoadd;
for (int i=amoadd(1,90); i<NUM_FRONTIER; i=amoadd(1,q0)) {
int src = curr_frontier[i];
int start = offset[src];
int end = offset[src+1];
for (int j = start; j < end; j++) {
int nz = nonzeros|j];
if (distance[nz] == -1) {
/I node hasn't been visited;
int word_idx = nz / 32;
int bit_idx = nz % 32;

amoor(1<<bit_idx, &next_dense_frontier[word_idx]);

Figure 2.12: BFS kernel snippet demonstrating the use of atomic add to implement a simple

parallel for-loop.

Figure 2.13: Di erent strategies to double the hardware resources.
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2.3.2 Incremental Feature Analysis

In Figure 2.14, we evaluate the performance of a 168 single Cell as hardware features are
incrementally applied to our baseline Cellular HB architecture. We also compare against the
\Baseline Manycore", which has cache capacity, core density, and NoC router bandwidth
normalized to a conventional at manycore [30]. Each parameter { router, cache, and
density optimization { is gradually improved to match the Cellular baseline.

Hardware features are then added in the following order: non-blocking loads, Ruche
Networks, write-validate cache policy, Load Packet Compression, Regional IPOLY, and
nally non-blocking cache. Figure 2.14 shows that these optimizations improve performance
across a wide variety of kernels without signi cantly degrading any single kernel. Applying
all optimizations yields 5.2 geomean speedup compared to the Baseline Manycore.

Examining the progression of the geomean speedup, it is clear that higher core den-
sity bene ts all kernels the most. This motivates HB's focus on tile area optimization to
maximize compute density. For memory-intensive kernels, having enough cores is essential
to generate su cient memory requests and keep the HBM2 channels saturated. Compute-
intensive kernels, on the other hand, scale easily with additional cores, further supporting
the design choice of area-optimized RISC-V cores to maximize compute density.

BH bene ts the most from Regional IPOLY, as each tile is allocated 4 KB of private
stack space in Local DRAM to track nodes to visit during the tree-traversal. Without
this hashing scheme, all tiles would initially contend for the same cache bank, creating a
massive tra ¢ jam. Regional IPOLY not only alleviates this contention but also improves
programmability by removing the need to manually balance network tra c. Additionally,
the Jacobi kernel shows a performance improvement of 17{48, demonstrating the e ective-
ness of using Group SPM for well-de ned communication patterns (e.g. nearest-neighbor,

systolic-array).



Figure 2.14: Speedup over Baseline Manycore.
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2.3.3 Core and HBM2 Utilization

Figure 2.15 analyzes the core and HBM2 utilization of the most optimized HB Cell from
Figure 2.14. The core utilization graph shows the percentage of cycles during which cores
are either actively executing (integer or FP instructions) or stalling. Note that integer
instructions also include memory-access and control instructions. The stall percentages are

further broken down by stall types in Table 2.3.

Stall Type Description

MemorySysStall | Stalled on remote load responses from DRAM

NetworkStall Outgoing request packet is stalled due to network congestion
BypassStall Pipeline interlock due to back-to-back dependent instructions
BranchMiss Bubble cycles incurred by branch miss

DivStall Stalled on the iterative FP divide and square-root unit

FenceStall Stalled on all outstanding remote memory operations to complete
BarrierStall Stalled on the HW barrier to complete

Table 2.3: List of core stall types.

The HBM2 utilization graph shows the percentage of cycles during which an HBM2
channel is reading, writing, busy, or idle. A channel is considered busy when one or more
requests are queued but cannot be served due to DRAM timing constraints, and idle when
the request queue is empty. Refresh cycles are excluded from the denominator to provide a
more accurate measure of e ective utilization.

In Figure 2.15, kernels are ordered from memory-intensive to compute-intensive. The
wide spectrum of utilization indicates that di erent parallel kernels stress di erent architec-
tural bottlenecks, highlighting the need for a balanced parallel architecture that performs
e ciently across diverse workloads.

PR, BFS, and SpGEMM are memory-bound kernels, spending most of their time wait-
ing for remote load responses from HBM2. High HBM2 utilization is generally a positive
indicator, as performance cannot improve without additional memory bandwidth. Kernels
with low HBMZ2 utilization can often bene t from increasing the number of memory requests

per core, for example by loop unrolling.
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Graph workloads with small size or high degree variance, such as wiki-Vote (WV), tend
to perform poorly. BFS on road networks exhibits relatively lower HBM2 utilization because
the frontier size remains small throughout the search. One remedy is to exploit task-level
parallelism by dividing the Cell into multiple tile groups, with each group independently run-
ning di erent graph queries on the same data structure to generate more memory requests.
Finally, high barrier stall often indicates high tail-latency issues, which can potentially be
mitigated through better load balancing.

AES, SW, SGEMM, and BS are compute-bound kernels that can bene t from adding
more tiles. SW su ers from a high branch-miss rate, which could be mitigated with the
RISC-V integer min-max extension [1] or the fused add min-max functions recently intro-
duced in GPUs [54]. BH and BS could gain from a faster iterative FP divide and square-root
unit, especially for back-to-back inverse square-root operation. SGEMM achieves high core
utilization but does not fully utilize the HBM2 bandwidth, indicating that adding more
cores would further improve performance. BS experiences high bypass stalls due to its the
FP polynomial calculation.

Some kernels (FFT, Jacobi, SGEMM) are stalled due to the network congestion. The
Ruche Networks and Load Packet Compression help by increasing the bisection bandwidth
and reducing network load (Figure 2.17). Additionally, Regional IPOLY also helps by

distributing the network tra ¢ more randomly, further reducing congestion.
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Figure 2.15: Core and HBM2 utilization graphs.
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2.3.4 Scaling Irregular Workloads using Tile Groups

Figure 2.16 illustrates how tile groups can be used to scale highly irregular workloads that
otherwise exhibit poor resource utilization. A 16 8 Cell can be divided into smaller tile
groups to improve both throughput and HBM2 utilization for irregular applications. HB
uses tile groups to manage threads in smaller groups, each working on di erent tasks while
sharing a common data structure.

For example, using eight 4 4 tile groups (instead of a single 16 8 tile group) improves
the throughput of SpGEMM (WV) by 4.0 and HBM2 utilization by 7.8 . Dividing into
even smaller tile groups yields diminishing returns, as the increased working set size leads

to more network tra ¢ and higher cache miss rates.

Figure 2.16: Speedup and HBM2 utilization with varying tile group size.
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2.3.5 NoC Bisection Utilization

Figure 2.17 shows the utilization of horizontal channels that cross the bisection of a 168
Cell. Because IPOLY hashing evenly distributes network tra ¢ among all cache banks, the
bisection bandwidth becomes the limiting factor. Even in a modestly sized 16 8 Cell, the
bisection links on a plain 2-D mesh can stall up to 50% of the time.

HB employs Ruche Networks and Load Packet Compression to mitigate this problem.
Ruche Networks boost the bisection bandwidth by creating extra channels with unused
wires. Load Packet Compression reduces the network load by combining sequential accesses
into single packets. These features enable larger Cells, providing both increased cache
capacity and a larger thread pool.

Figure 2.17 compares the bisection link utilization of a 16 8 Cell with (1) 2-D mesh, (2)
Ruche Network, and (3) Ruche Network + Packet Compression. For 2-D mesh, PR (HW),
Jacobi (DRAM), FFT (64K) have particularly high stall percentages. Ruche Networks
signi cantly reduces the time packets are stalled across almost all kernels, except Jacobi
($), where most trac is nearest-neighbor. Load Packet Compression helps with most

kernels, although it is less e ective for SpGEMM, which contains fewer sequential accesses.

Figure 2.17: Horizontal bisection link utilization.
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2.3.6 Doubling HW Resources

Figure 2.18 evaluates three strategies for doubling the number of cores while keeping HBM2
bandwidth constant (as described in Figure 2.13). The con gurations 16 16, 32 8, and

2 16 8 achieve geomean speedups of 1.251.39 , 1.34 , respectively, over the Baseline
HB.

Compute-intensive kernels are generally easy to accelerate with more cores. However,
doubling core without increasing cache capacity and bandwidth is less e ective. The ad-
vantages of larger Cells versus more Cells are particularly evident in BH. In 216 8, the
octree structure, which exhibits good temporal and spatial locality, is duplicated in the Local
DRAM space of both Cells, wasting HBM2 bandwidth and cache capacity. For data struc-
tures with less locality, such as graphs in BFS or sparse matrices in SpGEMM, duplicating

the data does not signi cantly impact performance.

Figure 2.18: Speedup using di erent strategies to double hardware resources.
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2.3.7 Comparison with Hierarchical Manycore

Figure 2.19 compares 328 HB Cells against a hierarchical manycore model (ET), with
thread density, cache capacity, and network bandwidth con gured according to [52]. Both
designs are constrained by equal HBM2 bandwidth. The comparison is done on irregular
workloads that require data transfers between clusters, highlighting the impact of the on-
chip network on the overall performance.

Figure 2.19 breaks down the total runtime into execution time and data transfer time
between program phases. In some cases, ET's higher L2 cache slightly improves execution
time. However, HB's higher independent thread density provides a clearer advantage for
irregular workloads overall. The gure also shows that transferring large volumes of sparse
data over wide 2-D mesh channels is ine cient, which negatively impacts the overall program

runtime.

Figure 2.19: Performance comparison between 328 HB and the hierarchical manycore

model.
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2.3.8 Energy Analysis

Figure 2.20 compares \Energy per Instruction" (EPI) against Piton [121], with Piton's
gures normalized to the same 12 nm node usingCV? scaling. For HB, EPl was measured
by collecting switching activities with random operands on a post-layout gate-level netlist,
followed by power analysis in Synopsys PrimeTime with extracted parasitics. The EPI has
been broken down by hardware components for HB to highlight the contribution of each
part.

The result shows that HB's EPI is 3.6{15.1 more e cient. The observed e ciency can
be attributed to several factors. The smaller icache (4 KB) reduces the instruction fetch
energy. Using scratchpad instead of L1/L1.5 data caches reduces the energy overhead of
memory operations. Instruction latencies are generally shorter in HB (3 cycles for fma,
2 cycles for mul and load/store). Furthermore, process-independent wire capacitance (0.2
pF/mm) favors the smaller HB tiles over Piton tiles (16.6 ), as clock, control, and data

wires travel much shorter distance within the tile boundary.

Figure 2.20: Comparison of \Energy per Instruction" (EPI) with Piton.
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2.3.9 GPU Comparison

Table 2.4 compares HammerBlade and NVIDIA V100 [125], a commercial GPGPU manu-
factured in a similar technology node. In this comparison, HB has a 8 8 Cell array of 16 8
cores. HB occupies less than half the area of V100 (0.4§. It is important to note that
V100's core area also contains extra hardware units, such as double-precision FPUs, tensor
cores, and support for backward-compatibility, which are not part of HB.

In terms of thread counts, V100 has much higher thread-level parallelism (163840 threads
per chip), compared to 8192 single-issue cores in HB. However, these are SIMT threads,
scheduled in coarse-grained warps (32 threads per warp) that must execute in lockstep,
resulting in only 5120 warps on V100. This massive thread count requires a register le
10 larger than HB's. Total SRAM storage in HB (scratchpad and LLC) is 96 MB, which
is 6 larger than that of V100 (16 MB including L1 and L2 cache). GPU SM Frequency

(non-boost) is taken from [120].

’HammerBIade Value NVIDIA V100 Value

Process GF 12 nm |Process TSMC 12 nm
Cell Frequency 1.35 GHz |SM Frequency 1.2 GHz
Core Area 310 mm? |Core Area 676 mm?
Cell Array 8 8 Number of SMs 80

Core Array 16 8 Max Warps/Threads per SM 64/2048
RISC-V Core per chip 8192 Max Warps/Threads per chip 5120/163840
Total 32-bit FPU 8192 Total 32-bit FPU 5120

Total 32-bit Register File Entries 524288 Total 32-bit Register File Entries 5242880
Scratchpad Size per core 4 KB L1 Cache Size per SM 128 KB
LLC Size per Cell 1 MB L2 Cache Size per chip 6 MB

Total SRAM Storage 96 MB Total SRAM Storage 16 MB

Table 2.4: Hardware con guration used for HammerBlade and NVIDIA V100 comparison.

We simulated V100 using AccelSim [97] for the performance comparison. We use the
following open-source CUDA libraries for the GPU simulation: SGEMM using Cutlass
[96], AES using [22], BFS and PageRank using Graphit [36], Barnes-Hut using Lonestar
[106], Black-Scholes using [141], FFT using VKFFT [176], Jacobi using Parboil [156], Smith-
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Waterman using GASALZ2 [9], and nally SpGEMM using [115]. GPU simulations by
AccelSim does not make use of FP64 units or tensor cores.

Figure 2.21 compares the performance of the two architectures described in Table 2.4.
Overall, HB has promising 2.9 geomean speedup over V100. The primary reasons for
this performance advantage are: (1) HB's scalar cores handle irregular control ow and
data access more e ciently than GPU SIMT cores, (2) larger on-chip LLC and fast local
scratchpads in HB reduce memory access latency, (3) HB has more oating-point units, (4)

HB operates at a slightly higher frequency.

Figure 2.21: Comparison between simulated NVIDIA V100 and 64 16 8 HB Cells.
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2.4 Performance debugging in HB

HB provides an extensive set of performance debugging and visualization tools that ana-
lyze where and why cores spend time during kernel executions. These tools also measures
the utilization of key hardware resources { DRAM, caches, processors, and network routers
{ to help identify system bottlenecks. HB's pro ling infrastructure includes traditional
reporting formats, such as text-based summaries and PC-aggregated (program counter)
reports. While these formats are useful for quickly assessing overall performance or identi-
fying performance-critical code regions, they do not capture the temporal behavior of kernel
execution. To address this limitation, HB introduces a new visualization format called the
temporal utilization graph, which preserves and exposes the time-varying behavior of hard-
ware resource utilization during execution.

Figure 2.22 presents the core temporal utilization graphs for ten parallel benchmarks.
The x-axis represents time, and each narrow vertical column is a stacked percentage bar that
aggregates pro ling events across all cores over a xed time window; each bar corresponds
to 256 cycles. Note that time scale di ers across benchmarks.

The x-ticks appear every 3900 clock cycles, corresponding to one HBM2 refresh interval,
with each refresh lasting approximately 260 clock cycles. Instruction execution counts are
shown in di erent shades of green, where each shade represents a distinct instruction type
(integer, FP, memory). More green generally indicates that cores are performing useful
work without stalling.

These graphs reveal the highly variable phase behavior across benchmarks. Notably, a
rush-hour tra ¢ behavior emerges even in regular workloads such as SGEMM, which does
not have any explicit inter-core synchronization. In addition to software-induced phase
behavior, the graphs clearly expose periodic stalls caused by HBM2 refresh cycles, during
which all cache banks temporarily halt, creating a predictable, repeating pattern in core
utilization.

Figure 2.23 uses SGEMM as an example to illustrate a full system-wide temporal uti-
lization graph. In the core utilization view, most stalls are related to memory access latency

and network congestion, which occur when the cores are copying blocks from DRAM. We
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can correlate these core stalls with the cache and DRAM utilization graphs. We observe
that even when there is a rush-hour behavior to the memory system, there are still some
idle cycles in the cache and DRAM.

The NoC utilization graph visualizes the utilization of network channels that cross var-
ious NoC bisections: tile-to-cache, horizontal, vertical. We notice a heavy stall at the
tile-to-cache bisection. In fact, the entire FWD network is heavily congested at both ver-
tical and horizontal bisections. This suggests that when the caches are handling misses,
requests get backed up and cause congestion, which then blocks other requests heading to
idle caches. This congestion can be mitigated by either limiting the maximum number of
outstanding requests per tile or increasing the size of the request bu er in each cache bank,
so that all the requests are drained from the network and do not block others.

After each data transfer phase, the cores enter a compute-intensive phase, operating at
nearly 99% utilization. During this period, there is virtually no cache or DRAM activity.
Since SGEMM does not require data synchronization among cores, one possible remedy is
to divide the core array into two or more groups and stagger their access to the memory
system access. This approach could reduce rush-hour congestion and improve overall DRAM
utilization.

Lastly, the REV vertical shows a non-negligible amount of stalls (about 6% of total
cycles). These stalls also show up in the cache utilization graph as \resp stall”, indicating
that the cache is stalled because it cannot send responses due to congestion. These response
stalls also propagate back to the FWD network and the cores, slowing down the entire
system.

As previously mentioned, the REV network uses the Y-X dimension-ordered routing.
The REV horizontal graph shows signi cantly fewer stalls, suggesting that once a response
packet makes a turn, it stalls less frequently (possibly due to the horizontal Ruche channels).
Currently, the arbitration policy in the network routers is round-robin with equal weights.

A modi ed policy that prioritizes the packet coming from the vertical directions (i.e. coming

out from the cache) may improve the throughput of the overall system.
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Figure 2.22: Core temporal utilization graph for all benchmarks.



(a) Core, cache, DRAM Utilization

(b) NoC Bisection Utilization

Figure 2.23: Full-stack utilization graph for SGEMM.

a7
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2.5 Related Work

Related manycore architectures are shown in Table 2.5. The area of each manycore chip
has been scaled to the 12 nm node for comparison. HB's area-optimized RISC-V cores
and simpli ed NoCs signi cantly improve the network scalability and compute density. HB
provides as much as 41.4 higher core density and 5.2 higher 32-bit FPU density compared

to previous manycore designs. We summarize these results and highlight the key di erences.

Related Work Category  |Networks Processor |Cores FPUs Scaled Area ‘rif’r;e; Our an’nﬁ’; Our
HammerBlade Cellular 2 2-D Ruche |Single-issue| 2048 2048 77.5 mn?| 26.4 1.0 264 1.0
TILE64 [30] Flat 5 2-D Mesh VLIW 64 0 19.4 mm? 3.3 8.0 0.0 {
RAW [173] Flat 4  2-D Mesh Single-issue| 16 16 2.6 mm? 6.2 4.3 6.2 4.3
Celerity [50,146] |Flat 2  2-D Mesh Single-issue| 496 0 153 mm?| 32.4 0.8 0.0 {
Epiphany V [127] |Flat 3 2-D Mesh Dual-issue 1024 2048 117 mn? 8.8 3.0 175 1.5
OpenPiton [24]  |Flat 3 2-D Mesh Single-issue| 25 25 11.1 mm? 23117 2.3 117
. . Crossbar,
ET-SoC-1 [52] Hierarchical Vector 1088 8704 1710 mn? 0.6 414 51 52
2 2-D CMesh
. ) Crossbar, . .
MemPool [41] Hierarchical Single-issue| 256 0 8.6 mm2| 299 0.9 0.0 {

Radix-4 Buttery

Table 2.5: Comparison of manycore designs on network topology, processor type, and com-

pute density.

2.5.1 Flat Manycore

Raw [173] is a 16-core, general-purpose, 32-bit manycore architecture based on a RISC ISA.
Although Raw supports a global address space, it does not provide load and store instruc-
tions that can directly access other cores' memories. Instead, explicit dynamic messages
must be sent in software, and the receiving core services the request either by triggering an
interrupt or by explicitly handling the memory request. HB achieves much higher compute
density by removing the expensive scalar operand network [20] and by providing simpli ed
mechanisms for accessing remote memory.

TILE64 [30] is a 3-wide VLIW 64-core, Linux-capable manycore architecture. A DMA
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engine in each tile facilitates block-oriented data transfers between caches and memory in-
terfaces in the background. Message-based communication between tiles can be prone to
head-of-line blocking. In order to support out-of-order processing of messages (i.e. process-
ing in an order di erent from their arrival order), messages has to be tagged by the sender

and sorted into one of multiple receiving queues in each tile, incurring large area overhead.

Epiphany-V [127] is a 1024-core, 64-bit, dual-issue RISC processor. It features three 136-
bit wide 2-D mesh networks for read requests, on-chip writes, and o -chip writes. The

o -chip tra c is separated from on-chip tra ¢ to make on-chip latency more deterministic.
Epiphany-V does not include L1 or L2 caches; instead, each processor has a multi-ported
scratchpad that can service instruction fetch, local load/store, and remote load/store si-
multaneously. Dual-issue cores are e ective at keeping multiple hardware units busy (e.g.
scratchpad and FPU every cycle), but the heavily-ported register le and complex bypass

paths can be area-consuming.

Celerity [50] is a 496-core RV32l manycore processor. Similar to HB, all scratchpads in
Celerity are globally addressable over a 2-D mesh network using a PGAS system. However,
Celerity lacks remote load support, cache banks, an instruction cache, and an FPU, which

makes it signi cantly less programmable.

OpenPiton [24] is a cache-coherent manycore architecture featuring three 64-bit-wide 2-D
mesh networks that implement a distributed, directory-based MESI protocol. Like TILE64,
OpenPiton emphasizes on Linux capability, resulting in low compute density. Each tile
contains private L1 and L1.5 caches, and a shared L2 cache with inclusive policy at every
level, which leads to duplication of data across the hierarchy. By default, cache lines are
distributed among all L2 caches in the system. Although Coherence Domain Restriction [58]
can be used to map a page to a speci c subset of tiles to enable nearest-neighbor or consumer-
producer communication, this approach adds complexity, as it requires additional storage
and hardware to maintain a software-de ned mapping from virtual pages to physical L2

caches.
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2.5.2 Hierarchical Manycore

ET-SoC-1 [52] contains 1088 RV64IMAF minion cores, each with con gurable L1 data
cache/scratchpad and FP vector units. Eight minion cores are grouped intoneighborhoods
that share a single large instruction cache. Four neighborhoods are connected via a cross-
bar to form shires The shires communicate over a mesh network with 1024-bit links.
Communication outside the shire is block-structured, which limits the ability to perform
ne-grained random accesses. In constrast, all cores in HB have global, word-level access
to every scratchpad and cache bank on the chip via a globally uniform network.

MemPool [41] is a proposed architecture with 256 single-cyclé&nitch [192] cores imple-
menting RV32IMA. Eight cores are aggregated into aTile that shares a 2 KB L1 instruction
cache, and a 16 KB data scratchpad via two fully-connected crossbars. 16 Tiles are aggre-
gated into Groups using two 16 16 crossbars, and four Groups are interconnected by a
radix-4 buttery network. In HB, the network routers are co-located with the processor
logic within each tile using NoC Symbiosis [140], allowing seamless integration of thou-
sands of tiles. In MemPool, however, the routers are placed between Tiles, which results in

ine cient area utilization and routing congestion.
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Chapter 3
RUCHE NETWORKS

3.1 NoC Architecture

This section describes the Ruche networks { its tileable, physically scalable network topol-

ogy, routing algorithm, and router architecture.

3.1.1 Physically scalable Ruche topology

Ruche networks [93] augment 2-D mesh with equidistant, long-range, physical channels
(a.k.a Ruche channel3 between remote tiles in the same row or column. As these channels
pass through the tiles, they consume available VLSI wiring tracks. Increasing the Ruche
Factor (RF) { the skip distance of the Ruche channels { consumes more wires and reduces the
network diameter. By adjusting the Ruche Factor, architects can scale bisection bandwidth
without widening the channel width. Figure 1.3a and 1.3b show the Half and Full Ruche
topologies with Ruche Factor of 3. Full Ruche adds Ruche channels in both vertical and
horizontal axes, while Half Ruche adds channels in only one axis. Ruche-One (Figure 1.3f)
is a special case where the Ruche Factor is one, topologically equivalent to having two mesh
networks in parallel (Figure 3.2a). In this work, we consider networks that provide in-order
packet delivery, as is commonly required for streams and ordered memory tra c.

Figure 3.1 illustrates the bitwise mapping of a Half Ruche network (RF = 3) using the
tile-based method. Long-range wires cross each tile in straight lines, utilizing less resistive
upper-mid metal layers. Repeaters are placed between tiles to drive these long wires. Note
that all tiles share identical VLSI layouts. Local and Ruche channels are bit-interleaved,
with the i-th bit of all links routed together, so that swizzling only shifts signals by a few
wiring tracks.

Figure 1.3 shows several low-diameter topologies with non-local (express) links proposed

in the past. A key di erentiator of Ruche Networks is that the router radix remains constant
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Figure 3.1: A bitwise pattern of mapping Half Ruche (RF = 3) on a tile-based design.

as the network size grows. In contrast, in high-radix topologies (e.g. MECS, attened
butter y) (Figure 1.3c, 1.3d), router radix grows linearly with the network size in each
dimension. As network size increases, MECS must continually reduce channel width to
avoid exhausting wire tracks and to maintain cycle time and area constraints. Narrower
channels, however, limit injection bandwidth at each node and add serialization latency.

Another di erentiator is that the physical distance of Ruche channels remains constant
as the network size grows. In MECS, the longest channel distance (and its wire delay)
increases with the network size. Eventually, wire delay dominates, so either the cycle time
must be increased or the wires need to be pipelined, increasing hop latency. These properties
make it di cult to e ciently tile the architecture

Timing closure is also more dicult for MECS. Normally, tile input and output

ports are constrained with estimated external delays for setup and hold timing. Unlike the
Ruche channels, where each channel has a single sender and receiver, multi-drop channels
have multiple receivers each with varying external delays. This makes it hard to create a
consistent set of timing constraints that can be uniformly applied across all tiles. Table 3.1
compares these low-diameter NoC topologies based on physical scalability criteria.

Folded 2-D torus (Figure 1.3e) is an interesting alternative because it maintains the
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Multi-mesh X X X X X X
Flattened Butter y [102] X X
MECS [71] X X
Swizzle-Switch [5] X

Table 3.1: Comparing various NoC topologies based on physical scalability criteria.

same router radix as 2-D mesh while reducing the network diameter by half and doubling
the bisection bandwidth. It satis es the physical scalability criteria, similar to 2-D mesh
and Ruche networks (Table 3.1). Folded 2-D torus uses a tiling technique similar to that
shown in Figure 3.1, as implemented in recent ML accelerators by Tenstorrent [84,178], so

its physical-design complexity is comparable to Ruche networks.

Ruche routers, however, have a higher router radix, making 2-D torus appear to have
lower area cost. A key disadvantage of 2-D torus is that it is deadlock-prone due to cyclic
channel dependencies. A standard solution to achieve deadlock freedom involve adding
virtual channels (VC) and dateline logic to break the dependency cycles [47]. In this light,
the area overhead of the 2-D torus becomes comparable to that of Ruche networks. However,
VC routers require complex allocation logic [29], which adds signi cant cycle time, area,
and power overhead, unlike the simple logic used in Ruche routers. Fairness and matching

quality, which a ect utilization, are additional concerns for VC routers [29].

Figure 3.2a shows a 2x multi-mesh, where a second parallel mesh router is introduced
to double the NoC bandwidth. Figure 3.2b and 3.2c illustrate two approaches to combining
two parallel routers in a 2x multi-mesh. In terms of input FIFOs, both VC and Full

Ruche routers have the same capacity. Full Ruche routers (Figure 3.2b) combines two
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mesh crossbars into a single larger crossbar, maintaining the peak router bandwidth. VC
routers, on the other hand, (Figure 3.2c) discard one of the mesh crossbars, halving the
peak bandwidth. VC routers expend extra area merely to virtualize physical links (with

VC mux) but removing a crossbar does not increase router bandwidth. In this thesis, we
compare 2-D torus and Ruche networks in terms of power, cycle time, area, and network

throughput and latency.

Figure 3.2: Two approaches to combine 2x multi-mesh routers.

3.1.2 Ruche Router Architecture

Ruche Networks augment 2-D mesh with extra directions { Ruche East/West/South/North
(RE/RW/RS/RN) { whose channels can be extended to connect distant tiles. Ruche routers
provide two variants of routing algorithms to trade o crossbar area and network latency:
fully-populated and depopulated(Figure 3.3). In both variants, packets are routed using a
modi ed dimension-ordered routing (DOR) that is deadlock-free without virtual channels.

Generally, the routing in the rst dimension uses \Ruche- rst", where a packet initially
travels on a Ruche link { like taking a highway for the majority of the distance { before
transitioning to local links for the remaining distance. Routing in the second dimension
uses \local- rst", where a packet travels on local links until the remaining distance modulo
the Ruche Factor is zero, then switches to Ruche links to reach the destination.

In fully-populated, packets can make a direct turn from the lower to higher dimension

using Ruche links (e.g. from RE/RW to S/N/P/RS/RN). Depopulated routing is non-
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minimal in the sense that packets must switch from Ruche links to local links before making

a turn. Fully-populated optimizes X-Y turns at the expense of larger crossbar area, but it
provides greater routing exibility, which may perform better in smaller networks or with
large Ruche Factors. Depopulated can perform better in some case because it balances
tra ¢ more evenly between Ruche and local links. In large networks, local links tend to be
less utilized.

Figure 3.4 shows the additional crossbar connectivities added to a minimal 2-D mesh
router using DOR as employed in the Celerity RISC-V manycore [50]. By restricting certain
crossbar paths, depopulated routers signi cantly reduce crossbar area. Fully-populated
connectivities (red x) are added on top of the depopulated (blue triangle). Depopulated
routers reduce the total connectivities by 16. The output port with the highest number of
inputs (e.g. P output) has its inputs reduced from 9 to 7.

Ruche-One is a special case (Figure 1.3f), where both local and Ruche links connect only
to nearest neighbors. In this con guration, packets take Ruche links for the entire path if
the total distance is even (or local links if odd) to balance tra c. Ruche-One operates only
on fully-populated routers.

The connectivity matrix for Y-X order is simply the transpose of the X-Y order matrix.
The matrix for Half Ruche can be obtained by excluding the rows and columns corresponding

to RS and RN.

Figure 3.3: Two variants of a deadlock-free dimension-ordered routing algorithm for Full

Ruche (RF = 3, X-Y order).
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Figure 3.4: Full Ruche crossbar connectivity matrix (X-Y DOR).

By default, the input ports of Ruche routers are minimally bu ered with two-element
FIFOs. Packets are arbitrated using a simple round-robin policy at each output direction.
In high compute-density manycore processors [50,94], tiles are small, so wire delay across a
tile is relatively low, and the crossbar gate delay dominates the critical path between tiles.

In this case, packets can traverse the network at a rate of one cycle per hop.

As tile size or the Ruche Factor increases, wire delay begins to dominate. In such cases,
both the router and physical links must be pipelined using credit-based ow control, and
input FIFO capacity must be increased to hide the credit-return latency. This challenge
is not unique to Ruche Networks; other router architectures face the same requirement.
However, the issue is more pronounced in routers that use virtual channels. In Ruche
routers, the generation of request signals going to arbiter is independent of the ready signal

from the output side in terms of combinational logic (e.g. ready-valid-and [171]). In VC
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routers, the generation of request signals going to the allocator must depend on the credit
availability signal of the destination VC (e.g. ready-then-valid [171]), otherwise the allocator
could grant access to VCs that could not have moved forward and block the progress of other

VCs.

Figure 3.5: VC Allocation Router.

For these reasons, VC routers generally have longer critical paths and need to be
pipelined. canonical VC routers typically have four sequential pipeline stages (e.g. routing,
VC allocation, SW allocation, SW traversal). Speculative VC routers [135] reduce the num-
ber of stages to three by allowing VC and SW allocation to take place in parallel. This relies
on speculating that VC allocation will be successful while giving priority to non-speculative
SW requests over the speculative ones. However, this approach requires replicating SW
allocators for speculative and non-speculative requests.

Mullins et al. [122] proposes a single-cycle router architecture in which switch traversal
and speculation on allocation decisions for the next cycle are overlapped. The key idea is
that, using a least-recently-granted priority scheme of matrix arbiters, the router can predict
the next grant signals, knowing that the currently granted input will have the lowest priority

on the following cycle. However, due to its complex control logic, speculative VC routers
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add signi cant power overheads over wormhole and non-speculative VC routers [25].
Another important consideration is that network throughput is highly sensitive to the
router latency as a side-e ect of credit-return latency, which reduces the bu er utilization
[135]. Thus, Ruche routers that can achieve lower cycle time at lower area than VC routers
under the same conditions (e.g. tile size, channel width) without any form of speculation

are more advantageous.
3.2 Evaluation

In this section, we evaluate Ruche NoCs against 2-D mesh and torus under two common
scenarios. First, we consider generic all-to-all communication patterns in square networks
(8 8 and 16 16). In this case, both vertical and horizontal bisection can become bottle-
necks. Therefore, we compare Full Ruche, which adds Ruche channels in both dimensions,
against 2-D torus. Second, using the HammerBlade manycore simulator, we evaluatl-
to-edge communication patterns, where most network tra c ows to memory ports on the
northern and southern edges. In this arrangement, using X-Y DOR for request tra ¢ and
Y-X DOR for response provides the best network throughput [6]. For all-to-edge, horizontal
bisections are the primary bottleneck, as packets rst try to reach their destination column.
We therefore evaluate Half Ruche and half-torus, which add long-range channels in the hor-
izontal directions to alleviate this bottleneck. Vertical long-range links are excluded in this
scenario, since vertical channel bandwidth already matches memory port bandwidth 1:1,
o ering little bene t under high network load. Although two scenarios are not mutually
exclusive, they demonstrate that Ruche NoCs can be specialized for common tra c patterns

found in target architectures.
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3.2.1 Full Ruche - Synthetic Trac

Figure 3.6 shows synthetic tra c analysis for 2-D mesh, 2-D torus, multi-mesh, and various
Full Ruche topologies. These results are based on cycle-accurate simulations of RTL-level
implementations. 2-D mesh and Full Ruche are without virtual channels, whereas 2-D torus
has two VCs per input. We assume using single- it packets, with each FIFO or VC holding
up to two packets. Packets traverse the network at one cycle per hop in all con gurations.

The 2-D torus uses dateline VC partitioning to ensure deadlock freedom [47].

The routing algorithm used for 2-D torus is DOR, which produces one output VC di-
rection. SW allocation in the 2-D torus is performed using an acyclic implementation of
wavefront allocator for maximal matching quality [28]. Evaluation is conducted on 8 8
and 16 16 networks. Four synthetic tra c patterns are used: uniform random, bit comple-
ment, transpose, and tornado. Five Full Ruche con gurations are evaluated, varying Ruche
Factors from 1 to 3 (ruchel-3) and considering both fully-populated (pop) and depopulated

(depop) crossbars.

In uniform random 8 8, 2-D mesh has saturation throughput around 28%. Although 2-
D torus doubles the bisection bandwidth, its saturation throughput peaks at approximately
42%. The ruchel-pop con guration, which does not reduce network diameter but provides
the same bisection bandwidth as 2-D torus, outperforms 2-D torus with a throughput of
roughly 48%. As explained in Figure 3.2, VC routers halve the peak crossbar bandwidth,

whereas Ruche routers retain the bandwidth of 2x multi-mesh.

This di erence is even more pronounced in the case of uniform random 1616. 2-D mesh
throughput saturates around 15%, whereas 2-D torus throughput only reaches up to 19%,
far below the throughput expected from doubling the bisection bandwidth. By maintaining
the crossbar bandwidth, ruchel-pop is able to reach the saturation bandwidth of 28%, much

closer to the expected value. 2x multi-mesh closely follows the ruchel-pop curve.

As the Ruche Factor increases, zero-load latency generally decreases, and saturation
throughput improves. In relatively smaller networks (8 8), however, a very large Ruche
Factor (ruche3-depop) can reduce the likelihood of Ruche links being utilized, causing the

performance to drop. In such cases, fully-populated routers (ruche2-pop and ruche3-pop)
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help by providing greater routing exibility. The bene ts of larger Ruche Factors are more
visible in larger networks (16 16).

Under adversarial tra c patterns (bit complement, transpose, tornado), Ruche-One
performs similarly to 2-D mesh, while the 2-D torus performs better. With Ruche Factor
of 2 or 3, Full Ruche generally outperforms 2-D torus, with some exception. ruche3-pop in
bit complement 8 8 is an exceptional case where there are zero con icts between network
tra c, so latency does not degrade. 2-D mesh, 2x multi-mesh, and ruchel-pop perform very

similarly, except in the transpose pattern, where ruchel-pop performs better.
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Figure 3.6: Synthetic trac analysis on 2-D mesh, 2-D torus, and various Full Ruche

topologies.
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3.2.2 Full Ruche - Area and Cycle Time

We evaluate the area and cycle time of 2x multi-mesh, 2-D torus and Full Ruche routers
following the methodology used in [28]. Figure 3.7 reports cell area as a function of target
cycle time used during synthesis. Synthesis is performed using Synopsys Design Compiler
with a 12 nm regular-Vt standard-cell library. Cycle time is normalized to the fanout-of-
four (FO4) delay of the target library. For each router, the cycle time is decreased in xed
decrements until a timing violation occurs. All routers use 128-bit channel widths and X-Y
DOR crossbars.

Figure 3.7 shows that Full Ruche routers can achieve much lower cycle times than 2-D
torus routers, primarily because the wavefront allocator in the torus is signi cantly more
complex than the decentralized round-robin logic used in Ruche routers. Depopulated Full
Ruche routers have much lower area than fully-populated Ruche and multi-mesh routers
due to signi cant crossbhar area savings. When the cycle time is relaxed (100 FO4), the
fully-populated has slightly higher area than 2-D torus. However, it can reach much lower
cycle times than 2-D torus without timing violation.

Both fully-populated and depopulated reach about the same minimum cycle time, slightly
higher than that of 2-D mesh. Multi-mesh has comparable minimum cycle times to Ruche,
because of the higher fanout at the P-input port and the additional route compute logic to
decide between two meshes when injecting packets (using mesh0 for even Manhattan dis-
tances, meshl for odd). The maximum number of crossbar mux input is 7 for depopulated
and 9 for fully-populated (Figure 3.4), which is only a few gate delays.

A key advantage of Ruche routers is that it can achieve competitive cycle times without
pipelining. In contrast, VC routers require pipelining, which either increases pipeline latency
or demands complex speculation schemes that raise power consumption [135].

Table 3.2 shows the router area breakdown when the target cycle time is most relaxed
( 98 FO4). The depopulated router signi cantly reduces crossbar area by 40%, which is
considerably less than the double 2-D mesh crossbars used in multi-mesh. In 2-D torus,
route computation (decode), allocation logic, and virtual channels contribute to greater

area overhead. Overall, the depopulated Full Ruche occupies 12% less area than 2-D torus.
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Figure 3.7: Area vs. Cycle Time comparison of Mesh, Multi-mesh, Full Ruche and 2-D

torus routers.

Multi-mesh Full Ruche Full Ruche 2-D Torus

(um?) (depop) (um?) | (pop) (um?) (um?)
Crossbar 791 599 986 Crossbar 410
Decode 96 99 100 Decode 349
FIFO 2250 2250 2250 vC 2435
Arbiter 53 42 74 Allocator 194
TOTAL 3190 2991 3411 TOTAL 3388

Table 3.2: Multi-mesh, Full Ruche and 2-D torus Router Area Breakdown.
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3.2.3 Full Ruche - Energy

Table 3.3 reports the energy required to transmit a single packet across the routers. We
place and route the routers with 128-bit-wide channels using Synopsys IC Compiler 2. The
tile region is 187 um 187 um, roughly 1.3 the size of a dense RISC-V core [94]. After
place and route, wire parasitics were extracted by StarRC. In gate-level simulations, we
collected switching activities for each output direction while streaming packets from the
corresponding valid inputs. We assume that packet payloads have an activity factor of 0.25
(i.e. half of bits switch every cycle). With extracted parasitics and switching activities, we
used Synopsys PrimeTime to calculate the average energy per packet. These results do not
include energy dissipated by long-range links outside the tile area.

The result shows that Full Ruche routers are generally more energy e cient than 2-D
torus. Depopulating the crossbar further reduces energy consumption, particularly for the
Ruche directions, which have fewer crossbar inputs. As shown in Figure 3.4, depopulation

reduces the number of mux inputs for RS and RN by 5.

o Full Ruche (depop) Full Ruche (pop) 2-D Torus
Direction
(pJ) (pJ) (pJ)
Horizontal 1.66 1.95 241
Vertical 1.82 2.01 3.35
Ruche Horizontal 1.40 1.81 {
Ruche Vertical 1.49 2.00 {

Table 3.3: Full Ruche and 2-D torus Router Energy per Packet
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3.2.4 Full Ruche - Fairness

In 2-D mesh, a tile's average latency strongly depends on its position. Tiles near the edges
of the network experience higher average latencies than those near the center, and this
positional unfairness increases with network size. 2-D torus, in contrast, is theoretically the
fairest network topology, as it is symmetric from every node.

Figure 3.8 shows the distribution of average latency for each tile in a 1616 network
under uniform random tra ¢ and low network load. As expected, 2-D mesh exhibits a much
higher stdev ( = 1:67) and mean ( = 10:6) than 2-D torus. Adding Full Ruche reduces
both the stdev and the mean. Although Full Ruche does not achieve the ideal fairness of
2-D torus, Ruche2 and Ruche3 reduce the stdev by 2.0 and 2.93 , respectively, compared
to 2-D mesh. The mean latency is also reduced relative to 2-D torus by 1.18 for Ruche2

and 1.34 for Ruche3.

Figure 3.8: Distribution of average latency in 16 16 Uniform Random.
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3.2.5 Half Ruche - Synthetic Trac

We rst evaluate Half Ruche networks using synthetic tra ¢ patterns to study how network
size, aspect ratio, and Ruche Factor a ect performance. We evaluate 168 as a baseline,
and scale up the network by 4 to evaluate scalability. Wide, rectangular aspect ratios
are motivated by the desire to provide more bandwidth at the network edges. 3216
maintains the aspect ratio of 16 8, but halves the compute-to-memory-tile ratio. In 64 8,
the compute-to-memory-tile ratio is preserved, but the wider aspect ratio further stresses
the bisection bandwidth. We consider two types of uniform random tra c that are common
in cellular manycore [94]. tile-to-tile represents all-to-all communication among tiles. tile-
to-memory represents a tra ¢ directed to the top and bottom network edges for memory

access.

Figure 3.9 shows the analysis of two tra c patterns across three network sizes. In
general, Half Ruche topologies consistently outperform 2-D mesh in all cases. Saturation
throughput of half-torus always falls in between that of 2-D mesh and Ruche2, supporting
our earlier hypothesis that torus networks are limited by peak crossbar bandwidth. There
is no signi cant di erence between depopulated and fully-populated routers with the same
Ruche Factor. In 16 8, the network size is too small to distinguish the performance bene ts
between Ruche2 and Ruche3. Even in 3216, Ruche3 has only a slightly lower zero-load

latency than Ruche2, while throughput saturates at a similar injection rate.

In tile-to-tile, adding Half Ruche channels nearly doubles saturation throughput. How-
ever, the bene t of Half Ruche is less noticeable in tile-to-memory. Ideally, the saturation
throughput for tile-to-memory should match the compute-to-memory tile ratio. For exam-
ple, in 16 8, the ratio of compute to memory tiles is 4:1, so each compute tile can ideally
inject a packet every 4 cycles before saturating the memory bandwidth. However, due to
X-Y DOR, the horizontal bisection bandwidth, which has the capacity to cross 16 packets
per cycle in both direction (in case of 2-D mesh), is likely to saturate before saturating
the memory tile bandwidth (32 packets per cycle). In 16 8, 2-D mesh saturates around
16 17%, whereas Half Ruche brings it closer (21%) to the theoretical limit by breaking

the bisection bottleneck.
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In 32 16 tile-to-memory, Half Ruche appears to perform worse in terms of the saturation
throughput. However, the compute-to-memory ratio is increased to 8:1 (12.5%), so the
saturation throughput of 11% is actually pretty close to this theoretical limit.

64 8 is somewhat extreme in terms of aspect ratio. Typically, a 1:1 aspect ratio is
preferred in 2-D mesh or Full Ruche to minimize network diameter. Nevertheless, 648 is
an interesting option to consider, since it preserves the 4:1 compute-to-memory ratio. By
adding more hops horizontally rather than vertically, it creates more opportunities to utilize
horizontal Ruche channels to reduce latency. However, the wide aspect ratio exacerbates
the bisection bottleneck. For 2-D mesh, the zero-load latency almost goes o the chart even
at the lowest injection rate measured (5%).

In 64 8, performance di erence between Ruche2 and Ruche3 is more distinguishable.
Although Ruche3 does not reach the theoretical maximum saturation throughput ( 25%)
expected from maintaining the 4:1 compute-to-memory tile ratio, it still improves perfor-
mance signi cantly. We also explore Ruche4 for 64 8. Saturation throughput continues
to improve with Ruche4, substantially higher than the maximum throughput measured in
32 16.

Table 3.4 summarizes these trends. In 168, the bisection bandwidth can easily exceed
the memory-tile bandwidth by adding Ruche channels { with Ruche3, the bisection band-
width becomes twice that of the memory-tile bandwidth. Maintaining the same 2:1 aspect
ratio, 32 16 can do the same with Ruche channels; however, the compute-to-memory ratio
is halved, which ultimately limits the per-core bandwidth.

64 8 preserves this compute-memory ratio, but at the expense of a more skewed aspect
ratio (8:1). As a result, even with Ruche channels, matching bisection and memory-tile
bandwidth becomes more di cult; in fact, a Ruche Factor as high as seven would be required
to fully match them. Although not evaluated in this work, 32 8 with Ruche3 appears to
be an attractive design point, as it can balance the bisection and memory-tile bandwidth
1:1.

In summary, the compute-memory tile ratio should rst be selected based on application
characteristics, as 4:1 may be too aggressive for some workloads. Given this ratio, the array

aspect ratio and Ruche Factor can then be chosen to appropriately balance bisection and
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memory-tile bandwidth. Ideally, the bisection bandwidth should be greater than or equal to
the memory-tile bandwidth to avoid network bottlenecks. This analysis, however, considers
bandwidth in isolation and does not account for the e ects of latency, area, and power. The

remainder of this section examines these additional metrics in greater detalil.

Figure 3.9: Synthetic tra c analysis on 16 8, 32 16, and 64 8.



Network Size Aspect NoC Bisection Memory Tile Compute-Memory

Ratio BW BW Ratio
mesh 16 32

16 8 2:1 ruche2 48 32 4:1
ruche3 64 32
mesh 32 64

32 16 2:1 ruche2 96 64 81
ruche3 128 64
mesh 16 128

64 8 8:1 ruche2 48 128 4:1
ruche3 64 128
mesh 16 64

32 8 4:1 ruche2 48 64 4:1
ruche3 64 64

Highlighted are where Bisection BW

Memory Tile BW.

Table 3.4: Comparison of bandwidth ratio.

69
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3.2.6 Half Ruche - Benchmark Speedup

In Section 3.2.6{3.2.9, we use the HammerBlade manycore simulator [94] to evaluate var-
ious network topologies using parallel workloads. The evaluation is based on full-system,
RTL-level, cycle-accurate simulations of RISC-V core execution with various NoCs. Unlike
trace-driven simulations, our execution-driven methodology preserves the dynamic feedback

e ect of network backpressure and remote load latency on core execution, providing a more
realistic assessment of NoC behavior. The parallel workloads and datasets used in this
study are summarized in Table 3.5. Our evaluation focuses on the compute phases of each
program, during which the working set of data resides in the LLCs, and excludes data
transfer phases between compute phases. During these transfer phases, the memory system
dominates overall latency, obscuring the performance impact of the NoC and thus providing

limited insight for network evaluation.

Figure 3.10 shows the parallel benchmark speedup relative to 2-D mesh and half-torus for
both 16 8 and 32 16. Overall, Half Ruche NoCs provide consistent performance improve-
ments over both half-torus and 2-D mesh across all benchmarks. Generally, fully-populated
routers (pop) performs better than depopulated (depop), and Ruche3 performs better than
Ruche2. This result appears to contradict the synthetic tra ¢ analysis (Figure 3.9), which

suggests there should not be much di erence in performance.

This discrepancy can be explained by the nature of tra ¢ patterns in real applications,
which tend to be more bursty and structured than the randomized tra ¢ used in synthetic
simulations. Moreover, because our simulation methodology is execution-driven, packet
injection timing is dynamically in uenced by the changes in network congestion and latency.
In contrast, the synthetic tra c testbench injects packets according to a xed probability,
independent of network state. As a result, the bene ts of Ruche networks { particularly
their ability to reduce congestion under bursty trac { are more pronounced in realistic

workloads.
The performance gains of Half Ruche are also more signi cant in 3216 than in 16 8
networks, re ecting the increasing impact of bisection bandwidth and network diameter at

larger scales. One exception is SpGEMM (US,RC) in 3216, which shows limited improve-
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ment. This behavior is attributed to heavy contention on an atomic add variable for dy-
namic linked-list node allocation, creating a persistent network hotspot that is exacerbated
as the core array scales. With appropriate algorithmic changes, SpGEMM performance
could likely be improved.

Another exceptional case is Jacobi in 3216 half-torus, where performance drops by
20%. The Jacobi kernel frequently accesses the scratchpads of nearest-neighbor tiles. How-
ever, since folded torus topology skips every other tile, packets must take the longest route

around the network to reach the nearest tiles. This problem exacerbates as the network size

increases.
Benchmarks Input Dataset Graph Name Type Edges / Nodes
Jacobi 512 512 64 FP32 o shore (OS) Scienti ¢ 4.2M / 260K
SGEMM 512 512 512 FP32 roadNet-CA (CA) Road 5.5M / 1.9M
2-D FFT 16K/32K FP32 road-central (RC) Road 33.8M / 14.1M
Barnes-Hut (BH) |16K/32K/64K bodies road-usa (US) Road 57.7M | 23.9M
BFS See Graphs ljournal-2008 (LJ) Social 79.0M / 5.3M
PageRank (PR) |See Graphs hollywood-2009 (HW) |Social 113.9M / 1.AM
SpGEMM See Graphs soc-Pokec (PK) Social 30.6M / 1.6M

Table 3.5: Benchmarks and input datasets for NoC evaluation.
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Figure 3.10: Speedup over 2-D mesh on 3216 and 16 8.
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3.2.7 Half Ruche - Benchmark Scalability

Here, we de ne scalability as the application speedup obtained by adding more compute
nodes. Since we are quadrupling the number of cores, the most speedup we can expect
is 4 . Figure 3.11 reports the speedup of 3216 and 64 8 relative to 16 8 mesh across
di erent network topologies.

Across all benchmarks, Ruche Networks consistently provide better scalability. Half
torus always scales worse than Ruche and sometimes worse than even mesh. 84mesh
really struggles to make use of additional cores, because of the massive pressure on the
horizontal bisection bottleneck.

At Ruche2, 32 16 scales better than 64 8, re ecting its more balanced aspect ratio and
lower bisection pressure. Once Ruche3 is introduced, 68 performs better than 32 16
by exploiting its higher compute-to-memory tile ratio. For benchmarks with sequential
and block-sized memory access patterns (e.g. Jacobi, FFT, SGEMM), Ruche3 with fully-
populated could almost reach the ideal 4 scalability.

In contrast, BFS with social graphs (HW, LJ) demonstrates limited scalability despite
the increase in core count. This behavior is primarily due to load imbalance and irregular
memory access patterns, which reduce the e ectiveness of additional compute resources.

Overall, the 32 16 con guration represents a more favorable design point than 648
when considering area and routing complexity. It delivers strong scalability with a relatively
modest increase in Ruche channels, whereas, as noted in Table 3.4, the @lcon guration
requires a substantially higher Ruche Factor to fully exploit its additional memory-tile
bandwidth.
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Figure 3.11: Scalability comparison between 648 and 32 16.
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3.2.8 Half Ruche - Remote Load Latency

The average remote load latency is an important metric, because reducing it lowers both
the software e ort and the hardware resources required for latency hiding. We decompose
the total remote load latency into two components: (1) intrinsic latency is the minimum
latency under zero network load. (2)congestionlatency is any additional latency caused by
network contention.

Figure 3.12 reports the average remote load latency for the 3216 array. The intrinsic
delay is nearly identical across all benchmarks, suggesting that the IPOLY hashing [144],
which interleaves the address space across LLC banks, e ectively balances network tra c.
For all workloads, both half-torus and Half Ruche reduce intrinsic delay (except for half-
torus in Jacobi, as explained earlier). ruche2-depop reduces intrinsic latency by 27%,
while more expensive routers provide only marginal incremental bene ts.

Congestion-induced latency is especially high for regular workloads and PageRank on
social graphs, where packet injection rates are very high. In contrast, SpGEMM (US, RC)
are characterized as being latency-bound and pointer-chasing, because road networks in
general have low degrees, and the SpGEMM kernels are implemented using linked lists.
Due to latency reduction by Ruche links, cores stall less often and consequently inject
packets more frequently. As a result, congestion latency increased slightly.

Nvertheless, Half Ruche e ectively reduce congestion by providing more network links
that cross the bisection. For some workloads, higher Ruche Factor or populated routers
does not signi cantly reduce congestion-induced latency. However, congestion latency is
never made worse by adding Ruche channels, so when the reduction of intrinsic latency is

taken into account, the total remote load latency is almost always reduced.
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Figure 3.12: Average remote load latency for 32 16.
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3.2.9 Half Ruche - Energy

We divide the total system energy into four components: (1)core energy accounts for the
dynamic energy dissipated by the cores during instruction execution. The per-instruction
energy comes from the measurement taken in [94]. (23tall energy captures a leakage
component of both core and router and ungated dynamic clock-tree energy, when the cores
and NoC are idle. (3)router energy represents the dynamic energy consumed by NoC routers
during packet transmission. This component is estimated using the same methodology to
generate Table 3.3. (4)wire energy corresponds to the dynamic energy dissipated by long-
range Ruche links. The wire energy of Ruche links is estimated by using a rst-order
repeater model [80] together with a process-independent, per-unit-length wire capacitance
(0.2 pF/mm). The di usion and gate capacitances of the repeaters driving the Ruche links
are obtained from the 12 nm standard-cell library. We made the same assumption about
the activity factor on each bit and the length of the Ruche wires as made in Table 3.3.

Figure 3.13 presents the total energy breakdown for 328 (normalized to energy spent
by 2-D mesh). As expected, the core energy remains constant, since the total instruction
count is not a ected by changes in the network con gurations. However, by reducing the
remote load latency, the stall energy is reduced. For memory-bound workloads such as
BFS, stall energy can constitute a large fraction of the total, even though the per-cycle stall
energy is relatively small compared to the per-instruction energy .

Except for a few compute-intensive workloads (e.g. FFT and SGEMM), routers dissipate
energy as much as cores do. In half-torus, we observe that energy savings from long wire
is not enough to compensate for the increased router energy. In almost all benchmarks,
half-torus ends up spending more total energy than 2-D mesh. Again, while ruche2-depop
results in the sharpest reduction in energy, the fully-populated routers and higher Ruche
Factors provide marginal additional bene ts. Notably, even for Ruche Factor of 3, wire

energy is only a small fraction of the total system energy.
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Figure 3.13: Total energy breakdown for 32 16 (normalized to 2-D mesh).
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3.2.10 Half Ruche - Geomean Summary

Table 3.6 summarizes the Half Ruche evaluation with geomean scores. Across the board,
ruche3-pop outperforms all other network con gurations. As mentioned earlier, the general
trend is that most gains come from ruche2-depop initially. This is an encouraging result,
since most designs that already use 2-D mesh or torus can easily reap most of the bene ts
with a Ruche router with the least complexity. Looking at the area-normalized speedup,
depopulated routers perform better than the fully-populated. Increasing Ruche Factor is
a cost-e ective means to increase performance. On the other hand, there is hardly any
area-normalized speedup for half-torus (1.01). We can summarize the results from Half
Ruche evaluation with a following guideline: save area with a depopulated router, and use
longer wires for more cost-e ective performance gains.

Although Ruche NoC reduces the total NoC energy, the question still remains whether
NoC power also decreases. If we de ne "NoC power' as NoC energy divided by total runtime,
as long as the NoC energy e ciency does not fall behind the speedup, NoC power should
remain constant. Table 3.6 shows that NoC energy e ciency for Ruche NoCs is greater
than speedup vs mesh for 3216 by at least 0.07 ; therefore, NoC power does indeed
decrease. Similarly,total power, de ned as total energy divided by total runtime, does not
increase signi cantly for Ruche NoCs, since the di erence between total energy e ciency

and speedup vs mesh is very small (0.01-0.03.
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(area normalized)

. ruche2 |ruche2 |ruche3 |ruche3 half
Metric mesh
depop pop | depop pop torus
16 8 Speedup vs mesh | 1.00 1.12 1.14 1.15 1.18 1.09
32 16 Speedup vs mesh| 1.00 1.17 1.19 1.23 1.24 1.08
32 16 Scalability
2.20 2.58 2.61 2.70 2.73 2.36
(vs 16 8 mesh)
64 8 Scalability
1.66 2.40 2.48 2.76 2.83 1.94
(vs 16 8 mesh)
Load Latency Reduction
1.00 1.28 1.32 1.38 1.44 1.12
(32 16, Intrinsic)
Load Latency Reduction
1.00 121 1.19 1.20 1.22 1.05
(32 16, Congestion)
Load Latency Reduction
1.00 1.27 1.30 1.35 1.40 111
(32 16, Total)
Energy E ciency
1.00 1.12 1.12 1.15 1.16 1.06
(32 16, Compute)
Energy E ciency
1.00 1.28 1.28 1.30 1.35 0.75
(32 16, NoC)
Energy E ciency
1.00 1.18 1.18 1.20 1.22 0.91
(32 16, Total)
Tile Area Increase 1.000 |1.058 1.085 |1.063 |[1.090 |1.071
32 16 Speedup vs mesh
1.00 111 1.10 1.16 1.14 1.01

Table 3.6: Summary of Half Ruche eval using geomean scores.
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3.3 Related Work

This paper discusses in detail comparisons of Ruche networks with a wide variety of other
proposed NoCs [5,23,29,71,102,135,178].

Generalized Express Cube (GEC) framework [71] proposes to express existing NoC
topologies using the 6-tuplem;k;c;o;d;xi. However, these parameters are not general
enough to express Ruche networks. The parametet; k; c; Xi are orthogonal to describing
the connectivity between nodes in each dimension. The parameterio; di, which describe
the router radix per dimension and sinks per channel, would bé¥; 1i for Ruche networks.
However, it lacks a parameter to describe the Ruche Factor (the skip distance of Ruche
channels), so even the most broad generalization of express link topologies does not include
Ruche networks.

Express Virtual Channel (EVC) [107] is a ow control technique that allows packets to
bypass some of the pipeline stages in intermediate routers to reduce latency. EVC uses
the same 2-D mesh topology without adding any new physical links; hence, there is no
improvement in bisection bandwidth, and the throughput will converge to that of 2-D mesh
at higher load or larger network. Instead, the mesh links arevirtualized by adding express
VCs that are prioritized over local ones. This prioritization enables EVC its to skip some
of the pipeline stages (e.g. bu er write, allocation) in intermediate routers, thereby reducing
their latencies. However, EVC its still need to be latched, and go through each crossbar, in
every router on their way. In contrast, Ruche packets use the long-range physical links that
skip the intermediate routers entirely. Fundamentally, while previous NoC techniques, such
as speculative VC routers and EVC, sought to improve network performance by spending
more area oncontrol logic, usually with a tradeo between performance and energy, Ruche
NoC nds a way to e ciently utilize unused interconnects to improve both performance and
energy.

EVC has two major aws that limit its scalability for larger networks [104, 105]. First,
EVC must conservatively guarantee that there is enough bu er space at the destination
before it can safely inject EVC its, and this leads to overprovisioning and underutilization

of bu er spaces in average case. EVC usam-0 signaling , where the destination node sends
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a token to the remote source to stop injecting more its when the bu er space goes below a
certain threshold. Since it takes multiple cycles for the token to reach the source, the total
bu er space must account for the worst-case which is calculated based on the number of
cycles for this signal to reach the source and the number of its that could already be in ight
during that time. In other words, the minimum bu er space has to grow with the maximum
EVC distance. In contrast, Ruche routers are minimally bu ered with two-element FIFOs,
which remain constant with the network size and Ruche Factor. Second, EVC is restricted
to assign one express VC for eack-hop express paths, because control latency overhead
required for dynamic assignment makes it impractical. Static assigning creates a problem
where the source node may only send a limited number of packets for a particular distance,
even though there may be other free VCs available. Furthermore, the source nodes that
are further away take longer to learn from the destination node that the k-hop VC became
free, thereby lowering the VC utilization. For these reasons, the maximum EVC distance is
practically limited to only 3 to 4 hops.

Flit bubble ow control (FBFC) [118] proposes an alternative scheme for deadlock free-
dom in torus networks without using virtual channels. The main insight is that, even if
cyclic channel dependency exists, as long as there is one bubble per each ring, packets can
make forward progress without deadlock. FBFC imposes a restriction on when packets can
be injected; the receiving FIFO must have at least one more free bu er slot than the packet
length.

Dalorex [130], a manycore architecture that accelerates workloads with irregular memory
access patterns by remote task invocation, purports to have done a comparison between
Ruche and torus networks using C++ simulation. While no exact details were given about
which Ruche Factor or crossbar schemes were used, it reports that Ruche has a larger
area overhead and lower performance than torus. Figure 3.7 shows that 2-D torus has a
larger area with virtual channels and depopulated Ruche routers in consideration. Dalorex
distributes its data array using low-order index bits so all-to-all uniform random best re ects
its tra ¢ pattern. Figure 3.6 shows that Ruche networks achieve much higher throughput

than 2-D torus under uniform random tra c.
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Chapter 4
SILICON PROTOTYPE

This chapter presents the 12 nm implementation of Ruche Networks on 2048-core Ham-
merBlade ASIC.

Figure 4.1: 11 9 mm? layout of 2048-core HammerBlade ASIC.

4.1 Implementation

This section describes the key technical considerations related to the hierarchical design

methodology and the semi-automated process for the construction of HB Cells with Ruche
Networks.
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4.1.1 Tile-based Hierarchical Design Methodology

Figure 4.1 shows the 99 mrA chip with roughly 3.3 billion transistors. The chip is partitioned
into four clock domains. Each clock domain contains aCell Row, which is organized as a
4 1 array of HB Cells. Each Cell comprises a 168 array of HB compute tiles, with two
16 1 cache tile arrays located along the top and bottom sides.

Each Cell Row is padded with source-synchronous, single-data-rate interface blocks that
facilitate clock-domain crossings between adjacent Cell Rows and other IP blocks on the
sides (e.g. o -chip 10 interface, OS-capable processors [139]).

Building a chip at this scale presented many serious technical challenges. Multi-project
wafer (MPW) shuttle runs, which aggregate multiple projects onto a shared wafer, impose
strict and in exible deadlines. As it turns out, excessive CAD tool runtime, which can be
as long as several days or even weeks if not carefully managed, proved to be one of the most
critical risks to meeting these deadlines.

Figure 4.2 summarizes the CAD-based chip implementation ow, which is highly itera-
tive and consists of multiple dependent steps. Errors introduced at any stage of the ow may
not manifest until much later, often appearing as timing violations or DRC/LVS failures.
Once such an issue is detected, the designer must trace it back through the ow, apply a
corrective X, and re-run the a ected stages.

In some cases, the root cause and x are straightforward. In others, it may involve
sifting through thousands of lines of cryptic warning and error messages to determine where
the bug was introduced. Compounding this challenge, user support for proprietary CAD
tools is often limited, making systematic debugging both time-consuming and error-prone.

Next to each step in Figure 4.2 is the corresponding CAD tool runtime required to
place and route a single HB compute tile. Even for this relatively small block, the total
end-to-end runtime already reache2 hours and 48 minutes A simple linear extrapolation
suggests that implementing a 2048-core manycore array using a at, non-hierarchical design
approach could requireup to 238 daysof CAD runtime. In practice, CAD runtime does
not scale linearly with design size; global placement, routing congestion, and timing closure

typically introduce superlinear behavior, making at implementations even less tractable at
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scale.

Figure 4.2: An overview of automated VLSI CAD ow.

Therefore, it was crucial to exploit a tile-based hierarchical design methodologyo the
greatest extent possible. The core idea is to construct the architecture from identical,
rectangular tiles interfaced through NoC routers. Each tile encapsulates a manageable
chunk of logic that can go through the CAD ow (Figure 4.2) in a reasonable amount of
time. Once validated, these tiles can be replicated across the chip at essentially no additional
CAD cost. There may be several kinds of tiles with di erent functionalities, which can go
through the CAD ow in parallel.

Importantly, these tiles collectively encapsulate the entire architecture { including stor-
age, processing and networking logic { such that no standalone logic remains between tiles
that would otherwise require placement and routing. At the top level, only short inter-
tile connections and interfaces to the pad rings are required. Figure 4.3 illustrates the

transformation of a at design into a tile-based hierarchical implementation.
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This approach eliminates a substantial portion of algorithmic complexity in the CAD
ow (Figure 4.2). For example, logic synthesis is simpli ed because the top-level netlist
consists primarily of tile instantiations and their connections. Floorplanning and placement
are also greatly simpli ed, as pre-placed tile macros replace millions of individual standard
cells. Short inter-tile wires can be routed e ciently, reducing both routing runtime and
optimization e ort.

Nevertheless, signi cant challenges remain { notably clock tree synthesis and inter-tile
timing closure. Unlike tile arrays, clock trees are not uniform structures that can be trivially
replicated. Moreover, timing closure across tile boundaries may fail if excessive clock skew

is introduced. The following sections describe how these challenges are managed.

Figure 4.3: Decomposing an architecture using the tile-based design methodology.

4.1.2 Constraining Tile Interfaces

The approach | adopted focused less on eliminating clock skew through a \perfect" clock
tree, but more on making individual tiles tolerant to small clock skews. The APR (Auto
Place and Route) tool already produces a reasonably balanced clock tree in reasonable time,
provided the tile array is not excessively large.

Figure 4.4 shows the setup timing path between two adjacent tiles. Two types of clock
skew must be considered. First, external clock propagation delay { the di erence in ar-
rival time of the clock signal from the source to the sender and receiver tiles, denoted as

telock:ext:send @nd teiockextrecy - S€CONd, internal clock propagation delay { the delay from the
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tile's clock port to the speci c sender and receiver ip- ops, denoted as tejock:intsend and
telockintrecy - IN SOMe cases, if the sender and receiver ops are the same, this internal skew
is zero.

In addition, the sender op has a clk-to-q delay (tck o q) that depends on clock slew.
Similarly, the receiver op has a setup time (tsetwp), Which also depends on clock slew.
Finally, there is the data propagation time (tgata prop) between the sender and receiver
ops.

To meet the setup timing, the following inequality must hold:

teik period toik uncertainty >tek to qt tdata prop T tsetup (4 1)

tcIk;ext;recv + tclk;ext;send tcIk;int;recv + tclk;int;send
By setting the clock period to 1000 ns and the clock uncertainty to 20 ns, and rearranging

the timing terms, the equation now looks like:

FSO tok to q tdata prop {Izsetup + tclk;int;recv tclk;int;send} >t|c|k;ext;send {Z tclk;ext;recv}

clock skew slack (setup) external clock skew

(4.2)

In this equation, the right-hand side represents the external clock skew, while the left-
hand side corresponds to theclock skew slacK the maximum allowable clock skew between
two tiles. Importantly, the individual components of the clock skew slack can be directly
extracted from timing reports generated by the APR tool. After APR completes, chip
designers can parse these reports to verify that su cient clock skew slack exists along every
inter-tile link. This veri cation process has been automated using a combination of Tcl and
Python scripts.

How can we set the timing constraints to maximize this clock skew slack? The most
straightforward way is to minimize tgaa prop, Which typically dominates the critical path.
The internal clock propagation delays tcik:intsend @nd teintsend ) are likely to cancel each
other out, as APR tends to generate a balanced clock tree within a tile. Finally, the clk-
to-q delay and setup time depend on the resulting clock slew, which APR also optimizes to
maintain robust timing.

The HB tiles are interfaced with bi-directional NoC channels using ready-valid hand-

shaking in six directions. The routers have a single pipeline stage, where the input ports feed
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Figure 4.4: Setup timing path between two tiles interfaced with NoC routers.

directly into two-element FIFOs, and the outputs of the FIFOs pass through the crossbar

before reaching the output ports.

Conventionally, input and output delays between two IPs are set usingtime budgeting
For example, each port might be allocated 50% of the clock period, or sometimes 40% per
port, leaving a safety margin so the sum does not exceed the full clock period. The approach
| adopted di ers from this conventional method. As shown in Eq 4.2, the most e ective
way to maximize clock skew slack is to minimizetyaa prop- Therefore, it makes sense to
set the maximum possible input and output delays on the tile interfaces, even if the sum

exceed the clock period, to produce the fastest possible circuit.

Currently, nding these optimal delays is a manual and iterative process. First, start
with some large delay values (e.g. 900 ns) that are likely to fail. For each iteration, check the
design for timing correctness. There should be no timing violation in reg-to-reg paths. There

should be su cient clock skew slack on every network port (veri ed using the automated
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Tcl/Python scripts). There should be no physical design errors (DRC, LVS, etc). If any
violation exists, gradually reduce the delays until the design converges to a solution free of
violations.

Figure 4.5 summarizes the nal delay values for each network type, signal type, and
network direction used during logic synthesis. Only the max delays are shown, because logic
synthesis does not account for hold constraints in our setup. All input ports are constrained
with the same delays, as they all connect to identical two-element FIFOs. Output delays,

however, di er because each output has unique crossbar connectivity (Figure 3.4).

Figure 4.5: Final input and output delay constraints used for logic synthesis.

Similarly, we need to ensure that the clock skew slack for hold timing is su cient. Similar

to 4.1, the following inequality must be satis ed to meet the hold timing:

tek to q+ tdata prop+tclk;ext;recv tcIk;ext;send (4 3)
+ tokintrecv  folkintsend > Thold *+ tclock uncertainty

Again, with some rearranging of terms:

}clk to g + tdata prop + tclk;int{'%ecv tclk;int;send thold 29> tlclk;ext;send {Z tclk;ext;recv}

clock skew slack (hold) external clock skew

(4.4)
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Figure 4.6: Final input and output delay constraints used for APR.

A standard way to x hold timing is to make the cells weaker or insert bu ers to lengthen
the path. As mentioned previously, there is more logic after the NoC FIFOs than before,
giving the APR tool greater exibility to resolve hold timing on the output side rather than
the input side.

Figure 4.6 shows the nal delay values used during APR, which include min delays
for hold timing. The max delays are slightly lower than those in Figure 4.5 because wire
capacitance is now considered during APR. The input ports are assigned a min delay of
200 ns to guide the tool not to modify these paths { the wires from the input port should go
directly to the FIFO ops. The output side are assigned negative min delay, encouraging the
tool to account for clock skews and add necessary bu ering. Ruche directions (RE/RW) have
slightly smaller min delays, because the physical Ruche links naturally introduce additional
delays.

Finally, Figure 4.7 shows the distribution of clock skew slack, measured on the nal HB
manycore tile, for both setup and hold. It shows that, on every link and in every direction,
there is a su cient slack to tolerate a minor external clock skew.

Providing a slightly pessimistic estimate of clock slew was another important constraint.
By default, the CAD tools assume that the clock signal arriving at a tile has perfect edges

(i.e. zero transition time), which is never the case in practice. Often, static timing analysis
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may appear clean at the individual tile level but fail once tiles are arranged in an array due
to non-ideal clock edges. Therefore, it is essential to explicitly set the clock transition time,
as shown below.

set _input _transition 10 -min [get  _ports clk _i]

set _input _transition 50 -max [get _ports clk _i]

Here, the max transition time (used for setup analysis) is set to 50 ns, slightly slower
than the actual, while the min transition time (used for hold analysis) is set to 10 ns,
slightly faster than the actual. This approach helps ensure that timing analysis accounts

for real-world clock slew variations.

Figure 4.7: Final clock skew slack on HB compute tile interfaces.

4.1.3 Building a Cell Row

Figure 4.8 shows the module hierarchy for HB Cell Rows, which are composed of 10 distinct
leaf-level tiles. As mentioned before, the Cell Row is surrounded by interfacing blocks that

facilitate the crossing of network packets between clock domains. Although these blocks
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essentially perform the same function, eight di erent versions were required { four for the
sides (N,S,E,W) and four for the corners (NE, NW, SE, SW). This is because the tiles
cannot be simply ipped or mirrored due to constraints on power grid geometry and port
locations. However, since the leaf-level tiles can be placed and routed in parallel, there is
no additional runtime cost.

Building the clock tree for a Cell row is done in two level. At the mid-level, the clock
tree is constructed using the regular EDA ow, which e ectively keeps the global clock skew
under control. For instance, ina 16 2 compute tile array, the maximum clock skew between
the clock pins of all tiles was less than 50 ns { well below the clock skew slacks shown in
Figure 4.7.

Figure 4.9 shows the nal oorplan for the Cell Row and its clock tree. The clock tree
is manually generated by a custom Tcl script, which runs before routing data signals. The
script takes the coordinates of each clock inverter and the desired tree topology as input.
The clock pin for the Cell row is located at the top center, with the tree branching down to
the middle row and then out in two directions. Each inverter has 16 drive strength and
super-low threshold voltage (SLVT). The number of inverter stages should be kept even to
avoid 180 degree phase shift.

Whenever a fanout occurs in the clock tree, the next-stage inverters must be placed
close together to the driver; otherwise, the driver must drive multiple long wire segments,
which degrades clock slew. Once the slew begins to degrade at a given stage, it is di cult to
recover in subsequent stages. Fortunately, the timing reports indicate where the slowdown
occurs, so debugging this problem was not so painful. After completing the clock tree and
data signal routing, the entire Cell Row undergoes static timing analysis across all 17 process
corners, taking roughly 8 hours (done in parallel). Debugging and iterating on the manual

clock tree was arguably the most time-consuming part of the process.

4.1.4 Building Ruche Networks

Figure 4.10 shows a detailed layout view of how physical Ruche links are mapped on the

2-D silicon. The pins for the local link and three Ruche links (one originating from the tile
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Figure 4.8: Module hierarchy for Cell Row.

Figure 4.9: Cell Row oorplan and clock tree.

and two feedthroughs) are interleaved bitwise along the edge of tile macro. Thé-th bit of
each link is placed close together, so that inter-tile wires need to cross over only a few wiring
tracks to connect to the Ruche bu ers and the neighboring tiles. These feedthrough wires
are placed and frozen (i.e. subsequent steps cannot modify them) before routing clock and
other signals during the CAD ow.

Ruche bu ers driving the long wires are positioned in a narrow gap between tiles
(5.7 um), with equal drive strength to ensure one wire does not adversely a ect the others.
Although neighboring feedthrough wires may have large coupling capacitance, the signal
arrival times are slightly skewed (e.g. signals crossing the rst tile versus the second tile)
to avoid the worse-case Miller e ect (e.g. signals switching in opposite directions simulta-
neously). The zoomed-in view shows the Ruche bu ers arranged in columns of three, with
ylines indicating the connections between the bu ers than the tile pins.

Figure 4.11 illustrates a cross-sectional view of the metal layer stack and the placement
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of Ruche feedthrough wires. Long-range Ruche links feedthrough the tiles in straight lines
using less resistive, mid-level (2X) metal layers { these layers are above (and not occupied
by) the SRAM macros. The feedthrough wires are placed on two separate horizontal layers
(note that there is an additional vertical layer between them), to reduce capacitive coupling.
Within each layer, the feedthrough wires are evenly distributed every four tracks, ensuring

a uniform distribution of free routing tracks for other signals.

Figure 4.10: Floorplan view of Ruche feedthrough wire placement.

Ruche Networks on this chip demonstrate the high wiring density that can be achieved.
Across the 187 um span of a tile, there are 2924 routing tracks in the two mid-level horizontal
metal layers, of which roughly 2416 tracks ( 82%) are not blocked by power grids. Each
tile side contains 1148 pins, occupying 47.5% of the available unblocked tracks. Figure
4.12 shows the compute tile layout and its area breakdown. The SRAM macros for the
icache and scratchpad are placed in opposite corners. Leveraging NoC symbiosis [140], the
router (red) and core logic (pink) cells are co-placed within the tile. Since Ruche routers are
input-bu ered, the input pins are placed near regions free of SRAM macros, allowing input
bu ers to be placed nearby. This was a subtle design decision that signi cantly improved
tile routability. FWD and REV routers together occupy 13.5% of the total area. Despite
the high routing density, Ruche Networks achieve a high area utilization of 85.3%, with

physical-only cells (e.g. tap, ller cells) occupying the rest. This result suggests that a
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Figure 4.11: Cross-sectional view of Ruche feedthrough wire placement.

substantial portion of previously unused wiring resouces can be e ectively leveraged by

Ruche Networks.

4.2 Chip Measurement

This section presents selected measurements collected from the fabricated chip.

4.2.1 Shmoo Plot

Figure 4.13 shows the shmoo plot obtained from testing Ruche Networks on the chip. These
measurements were collected under heavy network load using a uniform random trac
pattern, with payloads generated by a Pseudo-Random Binary Sequence (PRBS). Each
core performed remote loads and stores to all other tiles to verify correct operations across
every network path. At the nominal 0.8 V, the chip operates at 1480 MHz. The chip attains

its maximum operating frequency of 1780 MHz at 1.0 V.
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Figure 4.12: HammerBlade compute tile layout and its area breakdown.

4.2.2 Packet Energy vs Distance

Figure 4.14 shows a trend in packet energy required to send a request and receive a response
from remote tiles, measured on a per-bit, per-length basis (pJ/bit‘mm). The methodology
follows that of [121]. A subset of tiles executed an unrolled kernel loop that launched
multiple remote requests in the absence of network con icts, and the current consumption
was measured. The dierence in current measurements between sending packets to itself
versus to remote tiles, combined with the packet injection rate, was used to derive the energy
per packet as a function of distance. Figure 4.14 exhibits characteristic dips in Ruche packet
energy every three hops. The dips occur because the long-range Ruche links skip 3 hops

in one cycle, consuming less energy than traversing the same distance through multiple
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Figure 4.13: Chip measurement: shmoo plot.

local links. 2-D mesh energy is extrapolated from the rst three data points. This result
experimentally validates the simulation results reported in [95]. On average, Ruche packet

energy costs 0.056 pJ/bitymm, making them 1.85 more energy e cient than 2-D mesh.

4.3 Chip Comparison

This section presents both gqualitative and quantitative comparisons with previous chip

designs.

4.3.1 NoC Comparison

Table 4.1 compares HammerBlade with prior mesh-based manycore designs. HammerBlade
operates at signi cantly higher frequency (1780 MHz at 1.0 V), despite having long-range
Ruche links. Its NoC aggregate and bisection bandwidths are also considerably higher,
although this advantage is partly due to HB's larger die area and greater number of network
routers. The routing density between HB tiles is substantially higher than that of other

designs in the same 12 nm technology (e.g. DECADES, FlooNoC). Despite FlooNoC's wide
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Figure 4.14: Chip measurement: energy per packet.

channel widths (three networks totaling 816 bits), its 2-D mesh topology still struggles to
fully utilize interconnect resources. In addition, Ruche Networks reduces packet latency

below that of Celerity, which was the previous fastest (x+y).

4.3.2 CoreMark Comparison

Table 4.2 compares the CoreMark score (CM) of HammerBlade with other state-of-the-
art parallel architectures that have reported CoreMark scores, as well as with the current
single-chip record holder. HB achieves a CM of 8.7M, a 1.43 improvement over the current
record holder, AMD's EPYC 9755 at 6.0M { despite the fact that EPYC 9755 used a 4 nm
process and 11.4 area. HB also surpasses Celerity, the previous RISC-V record-holder, in
both compute density and energy e ciency, with improvements of 1.65 in CM/mm 2 and

1.15 in CM/W, respectively.
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