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SHARE: Sustainable Heterogeneous Architectures can

Reduce Emissions by Sharing Memory

Jack Toubes

Though hardware accelerators decrease the operational carbon emissions of contemporary systems-

on-chip (SoCs), their significant area, and thus embodied carbon cost, makes their impact on the

overall lifetime sustainability of a chip less clear. As opposed to instantiating separate hardware

for each accelerated application kernel, time sharing hardware resources for multiple kernels can de-

crease the total chip area required for acceleration, at the cost of increased energy consumption. This

paper examines a spectrum of methods for this hardware sharing, in order to find the architectures

which optimally trade off operational and embodied carbon emissions.

Our analysis quantifies the carbon impact of resource sharing for both compute and memory

hardware. We show that the decreased area and power consumption which comes with highly spe-

cialized compute hardware outweighs the benefits of sharing compute hardware with a reconfigurable

fabric. Importantly, however, the power and area overhead required to share memory hardware is

low, and so sharing memory comes with a substantial carbon-efficiency improvement. Hence, the

best option is fixed-function accelerators which keep compute separate but maximally share on-chip

memory hardware. Our analysis also shows sustainable sizing options for tailoring these shared

memory pools to the memory needs of an application’s accelerator collection.
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Chapter 1

Introduction

Information and Computing Technology (ICT) is responsible for between 2.1% and 3.9% of all

greenhouse gas emissions globally [1]. Current trends threaten to increase these percentages signifi-

cantly. These include the growth in AI [2] and datacenter construction [3], as well as the expected

uptick with the roll-out of autonomous vehicles [4]. Considering these circumstances, even optimistic

perspectives on ICT’s carbon footprint believe that a call to action is necessary [5].

Processors and systems-on-chip (SoCs) are a significant contributor to ICT’s emissions. For

example, Apple’s A17 Pro SoC contributes between 14% and 21% of the iPhone 15 Pro’s total

emissions [6, 7].1 In Microsoft’s datacenters, despite massive amounts of storage and memory,

processors are responsible for around 14% of carbon emissions [8].

The carbon footprint of an SoC can be credited to two main sources. The first is a processor’s

operational emissions, the result of its power/energy consumption. The second is the processor’s

embodied emissions, which account for the carbon footprint of fabricating, and to a lesser extent

transporting and disposing of the processor. Optimizing for operational emissions has historically

been the focus of power-efficient and sustainable computing [9], a reality easily seen by scrolling

through the titles of papers published in past conferences focused on sustainable computing [10].

Over the years, hardware designers have noticed with surprise that operational emissions may no

longer be the dominant factor. Instead, a processor’s embodied emissions must now be considered on

an equal footing with its operational emissions [12]. Returning to the example from before, embodied

emissions are responsible for between 48% and 73% of the Apple A17 Pro SoC’s total emissions

[6, 7]. Furthermore, embodied emissions are growing in importance, since new process technologies

will continue to decrease operational emissions but, as shown in Figure 1.1, the increased complexity

1Range based on the SoC consuming between 25% and 75% of the iPhone’s energy.
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Figure 1.1: Embodied emissions per unit area of logic have steadily increased with new technology
nodes. [11]

of these newer nodes leads to higher embodied emissions per wafer [11].

Although a chip’s embodied emissions are highly dependent on the technology node in which

it is fabricated, and can be amortized over a longer device lifespan [13], holding technology node

and lifetime constant leads to approximately constant embodied emissions per wafer [14, 15]. This

means that, as architects, we can optimize for embodied emissions by decreasing a processor’s area,

such that we get more chips out of a wafer.

Nowadays, hardware acceleration is often the biggest contributor to an SoC’s area—as long ago

as 2018, fixed-function, domain-specific accelerators (DSAs) already took up over two-thirds of the

total silicon area on state-of-the-art smartphone SoCs [16]. As such, accelerators increase embodied

emissions while decreasing the operational emissions through more energy efficient processing. This is

especially true for fixed-function DSAs as each DSA requires its own distinct, low-utilization ”dark”

silicon area [17, 18]. Though seas of DSAs are the norm in many of today’s mobile SoCs [19, 20],

they are not the only option. Energy-constrained systems have been using FPGAs alongside their

processors for a long time. Additionally, recent research into coarse-grained reconfigurable arrays

(CGRAs) has demonstrated that they can offer significantly faster reconfigurability and lower power

and area overheads than FPGAs for a given level of performance [21, 22, 23].

At first glance, the DSA may seem like the most carbon-efficient option for acceleration. For

a given level of performance, because a DSA is highly specialized, it will generally take up less

die area and consume less power than a reconfigurable fabric like a CGRA or FPGA, or than a

Single Instruction Multiple Thread device like a GPU, for a given level of performance. However, as

demonstrated in [24], a CGRA can in some cases decrease the carbon footprint of an SoC by replacing

multiple DSAs with one reconfigurable fabric which is shared for multiple application kernels, such

that the total area of the chip decreases enough to offset the increase in power consumption. In

cases where embodied emissions dominate, a CGRA may only need to be shared by 3 application

2
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specialization and decrease in energy consumption. The architectures on the bottom share memory
between multiple kernels.

kernels [24].

Building on this insight, we sought to answer the following questions: how much specialization

do we have to give up in order to share hardware, is it more sustainable to do so, and how much

does this differ between compute logic and on-chip memory? In other words, what are the overheads

we must endure to share compute logic and on-chip memory for multiple accelerated kernels, and

are these overheads worth enduring from a carbon emissions perspective?

In this work, we demonstrate that CGRA is far from the best we can do. We explored the design

space of architectures which are more specialized than CGRA, but include more hardware sharing

than traditional sea of DSA architectures, to find the carbon-optimal design points. Specifically, in

addition to the CGRA and sea of DSA architectures, we examined a heterogeneous CGRA (HCGRA)

architecture and an architecture with fully specialized fixed-function compute which shares a pool

of memory (FFSM).

An HCGRA is built by removing low utilization hardware, like underutilized ALU operators or

unneeded configuration storage from some of the processing elements in a CGRA [25, 26, 27].

Our FFSM architecture uses a low-overhead hardware block to interface highly specialized com-

pute hardware for many distinct kernels to a shared pool of SRAM. These architectures are sum-

marized in Figure 1.2.

We compiled, generated, and synthesized hardware descriptions of these different architectures

to acquire realistic power and area estimates. These power and area estimates were used to perform

a first order carbon emissions analysis of each architecture with a variety of different memory sizes

and relative weights of operational and embodied emissions.
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Broadly, we find that past work focused on sharing compute hardware to decrease an SoC’s

carbon footprint has misattributed the benefits of sharing memory to using reconfigurable compute

hardware. Specifically, our major findings are as follows:

• The overhead for sharing compute hardware is high—an 8x8 CGRA needs ¿100X the area of

an average DSA—and the potential savings are low since memory dominates an accelerator’s

area. However, the potential savings for sharing memory are high, and the overhead for sharing

memory is small—as low as 3X the area of an average DSA for our FFSM architecture.

• In line with this, the FFSM architecture is the most sustainable for hardware acceleration in

90% of the scenarios we explored. When sharing hardware for 8 application kernels, FFSM was

up to 17.1X, 8.9X, and 3.6X more carbon efficient than CGRA, HCGRA, and a sea of DSAs.

Only a sea of DSAs ever had a lower carbon footprint, and only when operational emissions

were highly dominant.

• Systems with changing or unclear applications benefit from using a reconfigurable fabric. For

these architectures, we show that HCGRAs are significantly less carbon emitting than CGRAs.

By reducing power and area overheads by 49.1% and 36.7% respectively, an HCGRA’s carbon

footprint is over 38% lower than a traditional CGRA in all operationally dominant operating

conditions tested. HCGRA was more sustainable than CGRA in all considered scenarios.

• Although memory sharing has high leverage, only a handful of DSAs can connect to a single

shared memory pool, so kernels must be clustered into groups to share memory. We show that

grouping together kernels with similar memory capacity requirements has an outsize effect on

carbon efficiency. Doubling the ratio between the average and the maximum memory capacity

required for the kernels sharing a pool of memory results in a 2X decrease in carbon footprint

in a range of our experiments.

4



Chapter 2

Background

2.1 Analyzing a Processor’s Carbon Footprint

In order to make more sustainable processors, it is important to have architecture-level models

that can accurately estimate a processor’s carbon footprint. Such models have been the focus

of multiple recent publications [13, 9, 28], each of which uses the summation of operational and

embodied emissions as the starting point for estimating the carbon footprint (CF) of any hardware

component.

CFtotal = CFembodied + CFoperational (2.1)

For processors, operational emissions are modeled by the power consumption (P ) multiplied by

the carbon emitted per Watt of power (Cp). Embodied emissions are modeled by chip area (A)

multiplied by the carbon emitted per unit area during manufacturing (Ca).

CFprocessor = CaA+ CpP (2.2)

Different models then take a different approach to filling in the values for Ca and Cp. For

example, ACT uses real power-grid carbon intensity data for Cp, and a summation of emissions

from sourcing materials and from using gases, chemicals, and electricity during manufacturing for

Ca [13]. In this work, we use a different approach, based on the FOCAL carbon modeling framework

[28]. Specifically, we model Ca and Cp as hyperparameters, which we can sweep over different values

to see which architectures are the most sustainable in a wide range of operating conditions. By

5
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Figure 2.1: The CGRA, based on HyCube [29], analyzed in this work. We modeled an 8x8 CGRA
using 4, 4x4 CGRAs.

modeling Ca and Cp in this way, we can more easily and quickly explore a wide design space. Our

FOCAL based carbon modeling is described in detail in Section 3, and we map each architecture

onto our carbon models in Section 4.2.

2.2 Compute Specialization: Accelerator Architectures from

CGRA to DSA

2.2.1 Coarse grained reconfigurable array (CGRA)

A Coarse-grained reconfigurable array, or CGRA, is a dataflow architecture consisting of a reconfig-

urable grid of processing elements, as shown in Figure 2.1. Each PE can be configured each cycle

to take different inputs from neighboring PEs, perform different computations on these inputs, and

then send the result back out to neighboring PEs. Unlike an FPGA, which computes on data at

the bit granularity, data moves through the CGRA in entire words. The result of this difference

is that CGRAs can be reconfigured significantly faster than FPGAs, making them well-suited for

being time-shared for multiple kernels. Additionally, CGRAs have significantly lower power and

area overheads compared to FPGAs. CGRA are the least specialized architecture we consider.
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2.2.2 Heterogeneous CGRA

If a traditional CGRA’s processing elements can all perform the same operations, but some of those

operations are rarely or never used by the algorithms the CGRA is performing, then that implies that

there is hardware which has been instantiated unnecessarily. Similarly, and more significantly, as

highlighted in [25], the configuration register files inside of those processing elements, may not need

to be able to represent every possible configuration, if certain configurations are highly unlikely, or if

the configuration is changing infrequently. Heterogeneous CGRA is a more specialized architecture,

which capitalizes on these and similar insights in order to reduce the overheads of a CGRA. For

example, an HCGRA may have operators cut out of its ALUs, and configuration register files of

reduced size compared to a CGRA. Heterogeneous CGRAs have been shown to reduce area and power

conumption by factors of 30% to 50% compared to corresponding traditional CGRAs [25, 26, 27].

Furthermore, these improvements can be made with little to no performance cost, especially when

the exact algorithms the HCGRA will be performing are known in advance. HCGRA architectures

represent a middle ground between CGRA and fixed-function DSAs in terms of specialization.

2.2.3 Sea of Domain-Specific Accelerators (DSAs)

Fixed-function domain-specific accelerators consist of highly-specialized, purpose-built hardware de-

signed to perform a particular, repeated computational task with high performance and power

efficiency. To do this, DSAs will often perform many independent computations in parallel, with

custom designed hardware blocks, maximally optimized for a specific task. Modern day SoCs of-

ten contain many tens of these DSAs [20, 17]. Because it can be fine tuned to the algorithm it is

performing, a DSA will have a smaller area and power consumption than a reconfigurable fabric

configured to execute the same algorithm, however to perform many distinct operations, you will

need to instantiate many distinct DSAs.

2.3 Memory Sharing

2.3.1 Fixed-function compute with shared memory (FFSM)

SRAM often dominates the area of fixed-function DSAs [30, 31]. Additionally, though the logic

required for a DSA is tightly intertwined with the algorithm being performed, most SRAMs, such as

those used for caches and scratchpad memories, are highly structurally similar. For these reasons, we

consider an architecture which interfaces the compute hardware of many fixed-function DSAs with

7
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memory between the compute hardware for multiple, fixed-function DSAs

a shared pool of SRAM. By sharing SRAM, we reduce the total amount of memory needed on the

chip, and thus the chip’s area, in exchange for small power overheads. Inspired by the Accelerator

Store [30], we implemented low-overhead hardware for sharing a pool of memory between multiple

DSAs, as shown in Figure 2.2. Like the Accelerator Store, our hardware uses a priority table for

selecting which accelerator is allowed to perform a memory access, and an address translation layer

which can be configured to use an SRAM bank as a FIFO buffer or for random access. Unlike the

Accelerator Store, each SRAM bank is shared independently, and each accelerator port connects

to only a single SRAM bank, as opposed to a routing system based on multiple shared channels.

Throughout this paper, we refer to the architecture using this hardware as the FFSM (fixed-function

shared memory) architecture.

2.3.2 CGRA and HCGRA Memory Sharing

Because CGRA and HCGRA use the same hardware to perform different computations, memory is

inherently shared for each different application kernel.

2.4 Accelerator Memory Hierarchies

We consider only the simplified case of accelerator memory hierarchies with a single level on-chip,

which can either be shared (for CGRA, HCGRA, and FFSM), or unshared (sea of DSAs). However,

different systems implement accelerators with a range of different memory structures, many of which

are discussed in [31]. Our model is consistent with accelerators which access DRAM directly using

DMA and are not cache coherent with the rest of the system. On the other hand, some accelerators’

8



memory hierarchies contain many levels on chip, some of which are shared and some of which are

unshared. We believe our simplification is not overly reductive for a first-order carbon analysis, and

makes it easier to see the effects of sharing memory (and of making more of the memory hierarchy

shared) on carbon emissions. For more complex accelerator memory hierarchies, our results motivate

maximizing the amount of shared memory by, for example, replacing private L2 caches with shared

L2 caches for accelerators.
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Chapter 3

Carbon Analysis

Our carbon emissions model is based on FOCAL [28]. As explained in Section 2.1, the following

equation can be used to compute a processor’s total carbon emissions, where P is power consumption,

Cp is carbon emitted per Watt of power, A is chip area, and Ca is carbon emitted per unit area

during manufacturing.

CFprocessor = CaA+ CpP (2.2)

The FOCAL model swaps out equation 2.2 for equation 3.1, which is very similar. To get to

this equation, FOCAL first replaces Ca and Cp with a single parameter, αE2O, which represents the

relative importance of embodied emissions compared to operational emissions. We refer to αE2O as

the operating conditions. This allows for sweeping over many different operating conditions easily,

by only changing one variable. Then, FOCAL normalizes the area and power consumption for an

architecture under test to a reference architecture, and multiplies the normalized area by αE2O and

the normalized power (or energy in the constant work case) by (1 − αE20), to yield a normalized

carbon footprint (CFnorm). If this CFnorm is less than 1, then FOCAL concludes that the test

architecture is more sustainable than the reference, and vice versa.

CFnorm = αE20
Atest

Aref
+ (1− αE20)

Ptest

Pref
(3.1)

Unfortunately, FOCAL is easily subject to misunderstanding because αE2O specifies the op-

erating conditions of only the reference architecture. This distinction is critical, as the relative

importance of embodied and operational emissions can differ significantly for two architectures be-

10



cause they have different area and power consumptions. One result of this is that FOCAL does

not yield mirrored results when swapping the test and reference architectures in equation 3.1, as

changing the reference architecture changes the meaning of αE2O. Another is that a FOCAL anal-

ysis may appear to be considering a case which is dominated by embodied emissions (αE2O > 0.5),

when only the reference is dominated by embodied emissions, but the test architecture is dominated

by operational emissions. To highlight that αE2O is tied to the reference architecture, we rearrange

equation 3.1 into equation 3.2.

CFtest =
αE2O

ARef
Atest +

(1− αE2O)

PRef
Ptest (3.2)

To increase clarity, in Section 3.1 we show a derivation of equation 3.2 from equation 2.2 to be

clear what the operating conditions are, and where they are derived from.

First, however, we emphasize that our reference architecture throughout this paper will be the

CGRA architecture. As such, moving forward, αE2O will be referred to as αcgra. The CGRA is the

best choice as a reference because, unlike the FFSM and sea of DSAs architectures, the CGRA’s

operating conditions are not a function of the number of application kernels which share it, and we

want this number of kernels to be something that our model can solve for. This way, we can find the

critical number of kernels which must share an architecture in order for it to be more sustainable

than a sea of DSAs. Additionally, whereas we expect the carbon footprint for the sea of DSAs

architecture to be dominated by embodied emissions, since each kernel requires it’s own dedicated,

low-utilization area, it is less clear what operating conditions are likely for the CGRA, making it

more important to examine multiple CGRA operating conditions.

3.1 FOCAL Derivation

The key parameter of our FOCAL carbon analysis is αcgra, the proportion of our CGRA’s carbon

footprint which is attributed to embodied emissions. For example, if embodied emissions are 80% of

the CGRA’s total carbon emissions, then αcgra = 0.8. We can set up the following equation using

αcgra. As a reminder CA is the carbon emitted per unit area during manufacturing, and CFtotal is

total carbon footprint.

αcgraCFprocessor = CFemb = CaAcgra (3.3)

Substituting equation 2.2 into equation 3.3, yields the following.
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αcgra(CaAcgra + CpPcgra) = CaAcgra (3.4)

=> αcgraCpPcgra = CaAcgra − αcgraCaAcgra (3.5)

=> αcgraCpPcgra = (1− αcgra)CaAcgra (3.6)

From here there are many solutions for Ca and Cp, all of which are mathematically sound and

can be used. However, the following solutions are used by FOCAL.

Ca =
αcgra

Acgra
Cp =

(1− αcgra)

Pcgra
(3.7)

Plugging these equations for Ca and Cp back into equation 2.2 yields equation 3.2

CFtest =
αcgra

Acgra
Atest +

(1− αcgra)

Pcgra
Ptest (3.2)

In summary, α is the proportion of the reference architecture’s (CGRA in this paper) emissions

which are attributed to embodied emissions, and is used to derive and sweep over values for Ca and

Cp which, when plugged into equation 2.2, yield equation 3.2.
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Chapter 4

Methodology

4.1 Power and Area Estimation

Figure 4.1 shows our toolflow for analyzing the carbon footprint of each architecture under study.

4.1.1 Assembling a Benchmark Suite

To start, we assembled a comprehensive suite of commonly accelerated benchmark kernels on which

to base our instantiations of each architecture. Because a DSAs structure is tightly intertwined

with the function it performs, a representative sample of benchmarks must incorporate accelerators

from a wide variety of domains. On the other hand, for an HCGRA to be able to be maximally

specialized, it must be used for application kernels with similar computational needs. For these

reasons, we curated a suite of 16 kernels, clustered into groups of four kernels from each of four

application domains: security, machine learning, image processing, and digital signal processing.

Table 4.1 lists our kernels by domain. These kernels are derived from a wide variety of open source

repositories [32, 33, 34, 35, 36, 37, 38, 39] and use helper functions from others [40, 41].

4.1.2 (H)CGRA Generation and Mapping

We mapped each benchmark onto CGRA and HCGRA. The CGRA we used for this analysis is

depicted in Figure 2.1. Specifically, we used an 8x8 CGRA composed of four, 4x4 CGRAs, each

based on the HyCUBE architecture [29]. Each PE is connected to its north, south, east, and west

neighbors, and PEs on two of the edges are connected to banks of data memory. Each 4x4 CGRA

is connected to 8 banks of SRAM, for a total of 32 banks. Each memory bank is an equal size, and
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Benchmark

Suite ∼4.1.1

Morpher CGRA

Tools ∼4.1.2

Synopsys DC

Synthesis ∼4.1.5

Catapult HLS

for DSAs ∼4.1.3

Mem. Sharing

HW RTL ∼4.1.4

Power/Area

Estimates

OpenRAM

∼4.1.6

FOCAL Carbon

Analysis ∼4.2

Figure 4.1: The flow of our power and area estimation tools into our carbon analysis.

Security AI/ML Image Processing DSP

AES Encrypt 2 Matrix Mult DCT FFT
ChaCha20 Encrypt 2d-Convolution Histogram EQ DFT
Blake2s Hash Max Pooling RGB to YUV FIR
SHA-256 Hash Batch Norm Auto Focus IIR

Table 4.1: The set of benchmark kernels analyzed. Four kernels were chosen from each of four
application domains.

this size is a parameter we vary in our analysis. This architecture was chosen to be consistent with

prior work [24].

Using Morpher [21], we generated a dataflow graph (DFG) for each benchmark kernel. We

passed these DFGs, as well as CGRA configuration files describing our base homogeneous CGRA

architecture, into an extension of Morpher called Revamp [25] to generate an HCGRA based on the

distribution of operations in the kernels. For example, a set of kernels with very few shift operations

will lead to an HCGRA with very few shifters in its ALUs. Using REVAMP, each HCGRA can also

be instantiated with a reduced size configuration register file as discussed in Section 2.2.2, providing

an even larger area and power consumption decrease. We generated a separate HCGRA for each of

the four domains of kernels in Table 4.1, and used the average of their areas and power consumptions

in our carbon analysis. Next, using Morpher, we mapped the DFG for each application kernel onto

the CGRA and then the generated HCGRA. If the HCGRA performed worse than the CGRA, we

added resources back into the HCGRA until it met the performance of the CGRA.
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This step (adding resources back into the HCGRA to meet performance) is necessary. To effec-

tively compare the carbon footprint of these architectures, they must each achieve approximately

the same level of performance. This requirement equalizes the runtimes of each architecture for a

given workload, enabling direct comparisons of their dynamic power consumption, and also removes

the need to consider the constant-work and constant-time cases separately. Additionally, it approx-

imately constrains the hardware resources each architecture must dedicate to performing a given

kernel, enabling a more fair leakage power and area comparison.

4.1.3 Generating DSAs with HLS

We used Siemens’ high-level synthesis (HLS) tool Catapult to generate RTL descriptions of domain

specific accelerators for the algorithms in our benchmark suite. Catapult and Morpher take almost

identical C-language inputs. To create DSAs with equal performance to the CGRAs, we modu-

lated factors of loop unrolling, pipeline initiation interval, clock frequency, and number of duplicate

instances of the DSA for an algorithm. Area was used as the optimization target in Catapult.

4.1.4 Instantiating Low Overhead Memory Sharing Hardware

As discussed in Section 2.3.1, we implemented and tested an RTL implementation of low-overhead

memory sharing hardware, as shown in Figure 2.2. For our carbon analysis, we implement this

hardware with 32 banks of SRAM (to be consistent with the (H)CGRA), and a variable number of

accelerator ports.

4.1.5 Synthesis With Synopsys Design Compiler

We used Synopsys Design Compiler to synthesize each of the architectures. After synthesis, Design

Compiler was queried for power and area reports for each architecture. We used the provided Design

Compiler synthesis scripts from Catapult for our DSAs, and from Morpher for our CGRA and HC-

GRAs. We used a modified version of the CGRA synthesis scripts to synthesize our memory sharing

hardware for our FFSM (fixed-function compute with shared memory) architecture. We used the

Nangate/Silvaco open cell library based on the 45nm FreePDK predictive silicon technology library

for all synthesis [42, 43]. Without switching characteristics available for representative executions of

each kernel for all architectures, our estimates rely on Design Compiler ’s default switching activity

profile.
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4.1.6 SRAM Compilation with OpenRAM

To characterize SRAMs, we used OpenRAM, an open-source memory compiler [44]. Each memory

bank was compiled with a single read/write port, and with a word size of 32 bits. We compiled

memories using the same 45nm technology library as used for synthesizing the compute hardware.

OpenRAM’s outputs include leakage power, and area estimates, as well as dynamic power estimates

per read/write. For our analysis, we assume that each kernel accesses its lowest level memory twice

per cycle on average, which is consistent with the schedules produced by Catapult.

4.2 Carbon Modeling for Each Architecture

We now show how the power and area of each of the architectures we examine can be mapped onto

equation 3.2. For CGRA and HCGRA, this mapping is fairly simple. In the equation, we set Atest

equal to the area of the CGRA, or the average area of the HCGRAs for all four sets of kernels.

Similarly, we set Ptest to the average power consumption per cycle for the CGRA and the average

over all of the HCGRAs. Because CGRA is our reference architecture, its carbon footprint will

always evaluate to 1.

CFcgra =
αcgra

Acgra
Acgra +

(1− αcgra)

Pcgra
Pcgra = 1 (4.1)

CFhcgra =
αcgra

Acgra
Ahcgra +

(1− αcgra)

Pcgra
Phcgra (4.2)

The sea of DSAs architecture can be mapped onto equation 3.2 similarly. First, we take the

average area and power consumption of all of the DSAs synthesized, including their memory re-

quirements, and use this as Atest and Ptest. We also multiply Atest by a new parameter, Ndsa,

which represents the number of DSAs in our sea of DSAs, to get the total area for the sea of DSAs.

We do not multiply Pdsa by Ndsa, since we assume in our comparison that only one DSA is active

at a time (to match the CGRA).

CFdsa =
αcgra

Acgra
NdsaAdsa +

(1− αcgra)

Pcgra
Pdsa (4.3)

To map the FFSM architecture onto equation 3.2, we consider both the total area and power

consumption of the memory sharing hardware itself (Asm and Psm), including the memory it con-

tains, and the area and power consumption of the compute hardware for an average DSA, since this
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architecture keeps all of the compute hardware from the sea of DSAs architecture. The average DSA

area is multiplied by the number of kernels, like in equation 4.3.

CFffsm =
αcgra

Acgra
(NdsaAff.comp +Asm) +

(1− αcgra)

Pcgra
(Pff.comp + Psm) (4.4)

From these equations, we can find a critical threshold for Ndsa, where a given architecture

switches from having a higher carbon footprint than another architecture to a lower one. We can

also quantify, for specific values of Ndsa, how much more or less sustainable one architecture is

compared to another.
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Chapter 5

Results

5.1 Compute Hardware Area and Power Consumption

Table 5.1 summarizes the area and power estimates for each architecture as synthesized by Design

Compiler. Compared to the CGRA, the average heterogeneous CGRA requires 36.7% less chip area,

and 49.1% less power. These results are consistent with existing research comparing HCGRA to

CGRA [27, 26, 25]. Notably, 3 of the 4 HCGRAs synthesized had highly similar area and power

consumptions to each other. The HCGRA generated for executing security kernels, on the other

hand, required a significantly higher area and power consumption than the other HCGRAs because

it could not meet the CGRA’s performance with REVAMP ’s changes to the configuration register

files of each PE, so these register files were left unchanged.

The average DSA is over 100 times smaller and less power consuming than the CGRA architec-

ture. Though this result may be surprising at first, it makes sense when considering how much more

hardware a CGRA requires than a DSA for a single kernel. Specifically, our 8x8 CGRA requires 64

configuration register files, 64 ALUs, each with many different operators, 64 crossbar routers, and

a lot of interconnect. On the other hand, to match the CGRA’s performance, even the largest syn-

thesized DSA only required a few operators and registers, some simple state logic, and significantly

less interconnect. Furthermore, because each PE in the CGRA can only execute one operation per

cycle, pipeline initiation intervals become larger, indicating that the CGRA is less efficient with its

resources, and because it is limited to a single bitwidth, operations which require no delay and no

hardware in the DSA, like shifting by a constant, require an entire cycle and PE in a CGRA. All

of this is to say that the large difference in area and power between the CGRA and DSA is not
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Av. Power (µW ) Av. Area (µm2)

CGRA 142, 999 1, 716, 528
HCGRA 72, 727 1, 086, 105
Average DSA 1, 372 16, 619
Mem Sharing overhead 3, 372 + 222Ndsa 48, 027 + 10603Ndsa

Table 5.1: The average area and power consumption estimates synthesized by Synopsys Design
Compiler for the compute hardware for each architecture in our sustainability analysis.

unreasonable and is to be expected.

The overhead of the memory sharing hardware for the FFSM architecture is significant compared

to the size of a DSA, but is significantly less than 5% of the overhead of CGRA. The specific overhead

depends on the number of DSAs the hardware was configured to interface with, as each new interface

port requires more interconnect and logic to be instantiated in the sharing hardware. Specifically,

each new accelerator adds 10603µm2 and 222µW to the overhead.

One way to quantify the sustainability of a sharing architecture is to specify how many kernels

must share hardware for the architecture to be more carbon-efficient than a sea of DSAs where one

DSA is instantiated for each kernel. Specifically, the number of kernels which must share silicon

area, for an area decrease (embodied emissions) that can offset the increased power consumption

(operational emissions) of a sharing architecture compared to a DSA. We refer to this quantity

throughout this paper as the kernel sharing threshold.

When just considering compute (ignoring cache/scratchpad memories), neither CGRA nor HC-

GRA provides a sustainability benefit with a reasonable kernel sharing threshold. Even in cases

highly dominated by embodied emissions (αcgra = 0.95), the CGRA would need to be

shared by 109 application kernels, and the HCGRA by 68 application kernels. These

numbers balloon to 513 and 272 in operationally dominated conditions.

It is unrealistic to expect a CGRA to be shared by 109 kernels, or an HCGRA to be shared by

68, without a significant cost to the performance of the chip, as it is highly unlikely that this many

application kernels can share a single CGRA without timing conflicts. This is to say that specialized

compute hardware is plainly more carbon-efficient than reconfigurable, shared compute hardware

(assuming a predetermined set of kernels). To see how a CGRA, HCGRA, or the FFSM architecture

can decrease emissions, we need to look at the area and power consumption of memory.
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Leak Power
(µW )

Dynamic Power
per Access (µW )

Av. Area (µm2)

128B 1.4 36.5 9, 030
256B 2.4 63.1 9, 243
512B 4.7 116.1 14, 858
1kB 8.9 210.1 19, 460
2kB 17.7 410.7 34, 469
4kB 34.6 788.8 64, 790
8kB 69.1 1575.4 118, 617
16kB 136.7 3134.1 240, 817
32kB 273.1 6352.8 447, 698

Table 5.2: The area and power consumption values acquired from OpenRAM for different sized
banks of SRAM.

5.2 SRAM Area and Power Consumption

Table 5.2 details the power and area estimates for SRAM banks of different sizes, compiled using

OpenRAM. Generally, the area and power consumption of a bank of SRAM are linearly proportional

to it’s size. For smaller banks of SRAM, however, the overhead of the hardware the bank requires

outside of it’s array of bit storage is more significant, especially as a proportion of the bank’s area.

Comparing the memory banks to the compute hardware, it is clear that SRAM contributes a

significant proportion of both the area and power consumption of any hardware acceleration. A

single, 1kB bank of SRAM, requires more chip area than all of the compute for an average sized

DSA (with CGRA levels of performance).

Because the smallest bank size OpenRAM could compile was 128B, and our CGRA and HCGRA

architectures use 32 banks of SRAM, we set our smallest considered memory size to 4kB (32 banks

of 128B). As such, even the smallest considered memory size dominates the area of an average DSA,

and consumes a slim majority of it’s power. For small memory sizes, the ratio between our DSA

power and area estimates and our memory power and area estimates is consistent with existing work

[30, 45]. We consider average kernel memory capacity requirements up to 256kB, to be consistent

with prior work [24].
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Figure 5.1: The number of kernels which must share hardware for a given architecture to have a
lower carbon footprint than a sea of DSAs at four different operating conditions and with different
average kernel memory capacity requirements. Each architecture is allocated twice the memory
required for an average kernel. Lower is better.

5.3 Critical Kernel Sharing Thresholds

Figure 5.1 plots the number of application kernels which must share a CGRA, HCGRA, or FFSM

architecture in order to emit less carbon than a sea of DSAs for those kernels. For example, if

9 kernels can share hardware without a performance penalty, then all architectures can provide a

sustainability win at αcgra = 0.8 if the kernels require 256kB of memory on average, but only FFSM

can if the kernels require 4kB on average (see bottom left panel in Figure 5.1).

We measured this kernel sharing threshold at different CGRA operating conditions (as discussed

in Section 3), spanning from a highly operationally dominated case (αcgra = 0.05) to a highly

embodied dominated case (αcgra = 0.95), and for seven different average kernel memory capacity

requirements.

In the embodied dominant cases, at large memory sizes, all of the memory sharing architectures

approach an asymptotic minimum value of 2 kernels. 2 is the asymptotic minimum because each

memory sharing architecture is allocated a pool of memory twice the size of the average kernel

memory capacity requirement (the value along the x-axis). This ratio of average kernel memory
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requirement to shared memory pool size is explored further in Section 5.5. Since each kernel is

generally active only a small proportion of time, 2 kernels can easily share hardware.

At smaller memory sizes and in operationally dominated cases, the critical kernel sharing thresh-

old for CGRA quickly rises. As such, it is clear that CGRA can only provide a sustainability benefit

over a sea of DSAs in ideal conditions, with embodied dominant carbon emissions, high memory

requirements, and/or large numbers of kernels which can share hardware without a performance

penalty. Outside of these conditions, the power and area overhead required for a CGRA’s reconfig-

urability is too high.

The added specialization of Heterogeneous CGRA leads to a substantial improvement over

CGRA. For αcgra = 0.8 and αcgra = 0.95 with a 4kB average DSA memory size, HCGRA re-

duces the critical number of kernels which must share hardware by 35% and 32% respectively. In

the operationally dominated cases, the HCGRA reduced the kernel sharing threshold by more than

40% at every measured memory size. There is no case where the CGRA emits less carbon than the

HCGRA.

However, the fixed-function compute with shared memory (FFSM) architecture is the clear win-

ner of the three. The threshold of shared kernels for FFSM increases only a small amount over it’s

asymptotic minimum for all but the most operationally dominated case. There is no measured case

where this architecture is less sustainable than either the HCGRA or the CGRA. For αcgra = 0.8

with a small average kernel memory size like 4kB, the FFSM architecture’s kernel sharing threshold

is 3.6X and 5.6X smaller than than the critical threshold for HCGRA and CGRA respectively. In

the operationally dominated cases, the threshold is always more than 2.8X and 4.7X smaller than

HCGRA and CGRA. In the highly operationally dominant case the CGRA’s kernel sharing thresh-

old does not even make it onto the graph, and the HCGRA’s threshold hardly does. However, FFSM

still provides a reasonable kernel sharing threshold at all but the two smallest considered memory

sizes.

5.4 DSAs with Higher Performance than a CGRA

Because we consider DSAs with performance equivalent to that of a CGRA, we are necessarily

considering relatively small DSAs. To examine how this impacts our results, we used Catapult

to instantiate and synthesize versions of each DSA with 4 times the performance of the CGRA.

To do this, we used combinations of inner loop unrolling, shrinking pipeline iteration intervals,

increasing clock frequency, and instantiating more instances of our DSAs. The average area and
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Figure 5.2: The number of kernels which must share hardware for an FFSM architecture to be more
carbon-efficient than a sea of DSAs if the compute has CGRA levels of performance, or 4X CGRA
levels of performance. Each architecture is allocated twice the memory required for an average DSA.
Lower is better.

power consumption respectively for these higher performance DSAs were 1.83X and 3.23X those of

the DSAs with CGRA levels of performance. Figure 5.2 illustrates the small effect that this change

has on the critical threshold for the FFSM architecture. Though the area and power consumptions

of the compute hardware rise relative to the memory hardware, which makes FFSM less effective,

they also rise relative to the overhead of the hardware instantiated for sharing memory. These two

effects mostly cancel out. These results generalize to all considered values of αcgra.

5.5 Maximum to Average Memory Requirement Ratio

A contemporary SoC may contain many tens of DSAs [20], and it is infeasible from a floor planning

and a time sharing perspective for this many kernels to share a single pool of lowest level memory.

As such, it is important to consider how to best cluster these kernels.

The decrease in area achievable by a memory sharing architecture depends significantly on the

ratio between the average memory required by a kernel and the amount of memory which must be

allocated in the shared memory pool. Figure 5.3 visualizes this importance. The architectures on

the left can both be replaced by the same sharing architecture on the right with 64kB of SRAM,

however doing so for the architecture in the top left saves significantly more area than doing so for

the architecture in the bottom left. This motivates clustering kernels by their memory requirements

in order to maximally decrease total chip area.

To examine this effect quantitatively, we evaluated the kernel sharing threshold for the FFSM

architecture with different ratios between size of the memory pool allocated to the memory sharing
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Figure 5.4: The number of kernels which must share an FFSM architecture for it to be more carbon-
efficient than a sea of DSAs for different ratios between the memory allocated for the shared pool
and the average memory required by a DSA in the sea of DSAs. Lower is better.

architecture, and the average memory size required by each kernel being shared. For example, for

a ratio of 4:1, and an average kernel memory requirement of 4kB, 16kB of SRAM will be allocated

in the memory sharing architecture’s pool of memory. The results of this evaluation are plotted

in Figure 5.4 for two operating conditions. Unless otherwise specified, all other data presented

throughout this work uses a 2:1 ratio between the size of the shared memory pool and the average

DSA memory requirement.

Changing between different ratios shifts the critical threshold along the y axis. As expected,

decreasing the ratio to 1:1 decreases the number of kernels which must share, and increasing the

ratio to 4:1 increases the threshold. Notably, this ratio is the asymptotic minimum number of

kernels which must share to reduce emissions—this means that switching from a 2:1 ratio to a 1:1
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Figure 5.5: The carbon footprint of each architecture normalized to a sea of DSAs architecture, for
a system with 8 accelerated kernels, at four different operating conditions and with different average
DSA memory requirements. Each architecture is allocated twice the memory required for an average
DSA. Lower is better.

ratio cuts the minimum number of kernels in half. Though these effects are only shown for the

FFSM architecture, this ratio has the same impact for CGRA and HCGRA.

As mentioned, this observation is significant when considering how to implement these memory

sharing architectures to minimize their carbon emissions. Specifically, if instantiating multiple mem-

ory sharing architectures on a single chip, then it is significantly more sustainable for kernels with

similar memory capacity requirements to be grouped together for hardware sharing.

5.6 Carbon Footprint for a Fixed Number of Application

Kernels

We now directly compare the carbon footprints of each of the four architectures assuming that the

memory sharing architectures are able to be shared by 8 application kernels without a performance

penalty. This approximately represents a system where the average accelerator is active less than

12.5% of the time, and which can handle the light restrictions on concurrent operation which our

CGRA, HCGRA, and FFSM architectures impose (i.e. concurrency is possible but with significantly
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diminished performance for CGRA and HCGRA and variably diminished performance with FFSM,

as discussed in Section 6).

Figure 5.5 plots the carbon footprint of each of the four architectures when shared by 8 kernels,

normalized to the carbon footprint of a sea of 8 DSAs. In this scenario, at embodied dominant

operating conditions and with large memory sizes, any memory sharing architecture achieves similar

emissions decreases over the sea of DSAs. However, for smaller memory sizes and operationally

dominant operating conditions, this is no longer the case—CGRA and HCGRA are less carbon

efficient than a sea of DSAs in these cases.

Notably, an HCGRA’s carbon footprint is over 38% lower than a traditional CGRA in all opera-

tionally dominant operating conditions and over 34% lower in embodied dominant cases with small

memory sizes.

The FFSM architecture has the smallest carbon footprint of all four architectures in 90% of all

scenarios. This makes this architecture the clear and obvious winner. Depending on the operating

conditions, FFSM is between 1.2X and 17.1X more carbon efficient than CGRA, between 1.1X and

8.9X more carbon efficient than HCGRA, and between 0.6X and 3.6X as carbon efficient as fixed-

function compute with private memory. The FFSM architecture is less sustainable than a sea of

DSAs architecture only for the three smallest memory sizes in the highly operationally dominated

case.

Perhaps what is most useful about these results is that there is little ambiguity about which

architecture should be chosen for carbon-efficiency, even despite highly varying operating conditions

and memory requirements. The recommendation is clear: the most sustainable way to architect

hardware acceleration, is to share as much memory as possible, with as little overhead as possible.
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Chapter 6

Discussion

These results demonstrate a clear winner when only considering area and power consumption—

the first order models for a processor’s carbon emissions. However, other factors may influence an

architecture’s carbon footprint outside of these first order models.

For example, software updates can enable CGRAs and HCGRAs to perform new kernels, which

were not mapped when the system was created. This has the potential, in some cases, to prolong the

lifetime of a device whose computation requirements change over time. By increasing the device’s

lifespan, a CGRA or HCGRA could thus be reducing embodied carbon emissions by preventing a

new device from being manufactured to replace the old one. For systems where reconfigurability

can decrease the carbon emissions of a system compared to fixed-function compute—by extend-

ing the system’s lifetime, or otherwise—then the results throughout Section 5 demonstrate that

heterogeneous CGRA represents a more sustainable choice than traditional, homogeneous CGRA.

Additionally, memory sharing architectures may see decreased data movement costs compared

to a sea of DSAs. Whereas a sea of DSAs must transmit data through main memory, a higher level

cache, or from peer-to-peer [46, 31], memory sharing architectures will often not have to move data

at all for multiple accelerators to operate on the data.

On the other hand, a sea of DSAs has a much easier time with concurrency. In theory, our

model accounts for concurrency by specifying our results as a threshold of kernels which must share

hardware to reduce carbon emissions. This allows an architect to compare this threshold to the

number of DSAs in their system which can share hardware without a lack of concurrency being an

issue. In practice, however, fixed-function DSAs with their own memory hierarchy will have an easier

time with concurrency, and won’t require any management hardware or for an OS to use CPU cycles
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to manage the accelerators. That being said, low concurrency isn’t an unreasonable expectation.

In line with the requirements of dark silicon, many systems only exercise a small number of DSAs

concurrently [24].

The sharing architectures do not struggle with concurrency equally. Though a reconfigurable

fabric’s performance is halved when shared for two kernels (each uses 2 4x4 subarrays of the 8x8

array), an FFSM architecture can handle concurrency more gracefully. Specifically, FFSM perfor-

mance is only diminished when multiple accelerators try to access the same memory bank in the

same cycle. This and similar situations can often be designed around (for example, by interleaving

shared data into two memory banks, and having two concurrent accelerators both switch back and

forth). The FFSM architecture may even see a performance gain from decreased data movement

costs as discussed above.

Finally, for the CGRA and HCGRA architectures, the mappings for each kernel must be stored

somewhere. In this work, we have assumed that this storage cost is minimal and that reconfiguration

time for the CGRA architectures is negligible. In reality, there is likely a tradeoff between these

two costs. For example, storing the mappings on chip will endure an area and thus embodied

emissions cost, but will be higher performance. On the other hand, storing them off chip will lead

to a large performance penalty when reconfiguring, and require more operational emissions to get

the configuration to the chip, but will not cost chip area.
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Chapter 7

Related Work

In line with the longstanding perception that energy consumption is the primary component of

ICT’s carbon emissions, hardware acceleration has long been considered a sustainability win. The

sustainability of the low utilization dark silicon that fixed-function accelerators introduce into SoCs

was first called into question by Brunvand et al. who demonstrated that the embodied emissions

associated with dark silicon are not easily balanced by their operational emissions win over a CPU

[17], results which were replicated in [28]. Dangi et al. responded to this work by proposing CGRA

as a more sustainable alternative to a sea of fixed-function accelerators, since many DSAs can be

replaced with a single CGRA, thereby decreasing chip area and thus embodied emissions [24].

Broadly, considering the full life cycle for more sustainable computing is a growing area of

research. Though this full life cycle approach was proposed and argued for sporadically in the past

[47, 48], more recent high visibility work highlighting the high carbon footprint of computing [1], and

profiling where this carbon footprint stems from [12] has spurred on a significant amount of research

into the field. For example, there has been a recent explosion of carbon modeling and optimization

frameworks, in order to aid computer engineers in making more sustainable decisions [28, 9, 13, 49].

Sustainable datacenters have also been a focus, with work focused on reducing datacenter emissions

using carbon demand response and renewable energy storage [50], better software for reducing storage

emissions [51], and more carefully choosing the time between replacement of different hardware

components in the datacenter [8].

Sustainable computing isn’t limited only to carbon emissions. For example, recent works have

considered the water footprint of computing [52], and the use of PFAs chemicals in computing [53].
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Chapter 8

Conclusion

In this work we explored different architectural choices for improving the sustainability of hardware

acceleration for systems on chip. Like previous work [24], we show that CGRAs can provide a

sustainability win over a sea of fixed-function domain specific accelerators in cases where the accel-

erators have high memory requirements and/or the carbon footprint of the system is dominated by

embodied emissions.

We built on this result by demonstrating that more specialized, heterogeneous CGRAs are more

sustainable options than traditional CGRAs in all cases, often by significant margins. As discussed in

Section 7, if reconfigurable compute will make a system more sustainable compared to fixed-function

compute by, for example, extending the system’s lifetime, then the results of this exploration demon-

strate that HCGRA represents a more sustainable choice than traditional, homogeneous CGRA.

More importantly, we showed that when reconfigurability is not needed, it constitutes an un-

necessary overhead. We showed that sharing memory with low-overhead hardware is always a more

carbon-efficient choice than using a reconfigurable fabric like a CGRA, and is more sustainable than

a sea of fixed-function DSAs each with their own memory, in 25 out of 28 cases we explored.

Finally, we highlighted that the ratio between the size of the shared pool of memory, and the

average size of the memories which the pool is replacing, asymptotically limits the carbon savings

achievable by a memory-sharing architecture. This effect suggests that, when putting DSAs into

clusters which share memory, DSAs should be matched based on how much memory they require.

Though our insights regarding the design space between CGRA and fixed-function DSA led us to

heterogeneous CGRA and to sharing only memory, these architectures do not represent the entirety

of the design space. Future work may consider, for example, architectures which share both compute
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and memory hardware, but without relying on a reconfigurable fabric. In other words, accelerators

which can execute many different kernels, but only the kernels they were designed to execute (they

cannot be reconfigured arbitrarily). On the one hand, these accelerators should receive the same

sustainability benefit as the FFSM architecture, with added potential for saving resources by sharing

compute hardware. On the other hand, because memory is the dominant area consumer, it may

not actually provide a meaningful carbon-efficiency improvement, and the difficulty in designing this

more complex fixed-function architecture may not be worth it.
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Appendix A

Engineering and Industrial

Standards

The independent project described in this thesis incorporated the following engineering and industrial

standards:

• System Verilog was used for modeling hardware for memory sharing

• The C programming language was used for modeling each benchmark kernel

• SI units were used throughout the thesis

• Siemens’ Catapult High Level Synthesis was used for instantiating fixed function DSAs

• Synopsys Design Compiler was used for synthesis

• Excel and Google Sheets were used for analyzing data

• Python and Matplotlib were used for plotting data
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