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Abstract—Multiple research vectors represent possible paths to
improved energy and performance metrics at the application-level.
There are active efforts with respect to emerging logic devices,
new memory technologies, novel interconnects, and heterogeneous
integration architectures. Of great interest is quantifying the
potential impact of a given solution to prioritize research vectors
accordingly. In this paper, we discuss two efforts — one focused
on emerging memory technology, and another focused on het-
erogeneous integration technology — that speak to best practices
for, and needed contributions from the design automation (DA)
community to explore this vast design space. Furthermore, we
highlight new research efforts that aim to develop the novel
compiler abstractions and frameworks that are ultimately needed
to derive maximum value from new memory and/or heterogeneous
and monolithic integration architecture, and that can also play an
important role with respect to design space exploration efforts.

Index Terms—Compute-in-memory; associative memory; cross-
bar architectures; ferroelectric field effect transistors (FeFETs);
distance functions; heterogeneous integration; chiplet; pathfind-
ing; compilers

I. INTRODUCTION

There is growing interest in memory technology that can
(1) expand the memory hierarchy — e.g., serve as storage-class
memory between DRAM and SSDs [1], (2) increase storage
density given growing dataset sizes in artificial intelligence
(AI), privacy preserving computation (PPC) [2], etc., and (3)
enable in situ computation to reduce overheads associated with
data transfer [3] — e.g., in-memory computing (IMC) fabrics
including (a) computing at the periphery (CAP) that exploits
internal memory bandwidth to achieve parallelism/perform
Boolean operations [4], [5], (b) analog crossbar arrays for
highly parallel matrix-vector multiplies [6]-[8], and (c) content
addressable memories (CAMs) that perform parallel search
operations in the memory per an input query and a desired
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association/matching function [9]. Indeed, recent work suggests
there is great promise from denser memories and/or individual
IMC solutions for transformer networks [10]—-[12], recommen-
dation systems [13], PPC [14], etc.

Simultaneously, there has been a rapid expansion with re-
spect to the capabilities/promise of heterogeneous and mono-
lithic integration architectures that aim to deliver solutions
with 1 billion transistors/mm? at high energy efficiency. Said
systems will transcend horizontal/vertical scales, and offer the
potential for the integration of many diverse technologies owing
to monolithic 3D (M3D) tiers and chiplets. Increased con-
nectivity should positively impact computing, storage, sensing,
and communication alike. Heterogeneous integration (HI) rep-
resents another path toward improvements for compute density
and energy efficiency for application-level workloads such as
transformer networks [15], etc.

Ideally, application-level improvements would be achieved
with minimal “disruption” to existing architectures and fab-
rication process flows. Therefore, it is of great interest to
benchmark “deltas of improvement” that advances in either
memory and/or integration may promise with respect to latency,
energy, as well as the “fidelity” of the result produced (e.g.,
accuracy in Al workloads). As a representative example, Fig. 1
illustrates different architectural/memory-centric design points
that could be employed to accelerate a memory augmented neu-
ral network (MANN) [16] model. Peak accuracies for selected
design points are noted. Regions along each axis qualitatively
consider “disruption” from the state-of-the-art. Drawing from a
Sec. III case study, Fig. 1 illustrates potential savings in search
energy for the MANN workload when transitioning between
design points.

Per Fig. 1, when ferroelectric devices [17] are employed as
a binary or multi-bit random access memory (RAM), search
energy savings are negligible (Fig. 1-@). However, when
(larger) ferroelectric devices are used to implement a multi-
bit CAM (MCAM) that performs in-situ Euclidean distance
[18], energy savings are more substantial owing to reduced data
transfer (Fig. 1-@)). However, devices are more scalable



will discuss strategies, best practices, needs, and new engage-
ments needed from the design automation (DA) community to
complete roadmaps like the framework in Fig. 1. Of particular
interest is engagement with researchersowmter levels of the
stack—e.g., per the memory technology case study, ferroelectric
domain size will not only impact the “real estate” of a given
functional unit, but also application-level accuracy. We must
also move up the stacknd feed information about expected
device behavior to compiler developers such that software-to-
hardware mappings can be considered in term@pMmeeting
functional computational needs, arfd) delivering the nec-
essary delity required for a given task. Said activities will
identify optimal design investments for industry with respect to
deriving maximal near-term, mid-term, and long-term impacts
for application-level workloads of interest.

_ _ , , , Our discussions are organized as follows. In Sec. Il, we
Fig. 1. Architectural/technological solutions for a given workload,; represents—g;

tive FOM (accuracy, search energy, device scaling) are illustrated. Interestinglj!€® Y €VIEW re_levam t_)aCkground r_elated to the_ IMC- and )
for ferroelectric solutions, substantial energy savings are possible for seafdterogeneous integration (HI)-centric case studies that moti-

operations even with larger device size requirements. vate this work. In Sec. Ill, we consider how associative mem-

1Y (AM) technologies may be applied to ef ciently address
I%—ttype workloads. CMOS solutions, as well as approaches
%ased on emerging technologies are considered. Of particular
interest are the prospects for reliably realizing said function-
substantial improvements with respect to energy and laterfey” with respept t_o advances in materials/device research,
as well as projections for FOM such as areal/cost, energy

or improvements in accuracy) to justify migration. . : .

( P R Y) J .fy g . efciency, compute delity, etc. In Sec. IV, HI solutions are
Furthermore, in Fig. |1, area projections for ferroelectric do- : : .
. . investigated with respect to both cost and performance in

mains are captured as a function of the number of ferroelectfic

domains that might comprise a device (see Sec. II-A). ARy© context of large language models (LLMs). Then, in Sec.

IMC-like solution will also be comprised of peripheral circuitryv’ we discuss programmability challenges associated with

. : : ) .?ovel architectures, emphasizing the need for novel, high-level
that must be included to realize a desired compute functionality, : .
eF}fogrammmg frameworks that make systems accessible to non-

and could have an out-sized impact on different FOM (i égnerts, and automatically enable device-aware, and device-
n

when used as conventional memory, as larger devices
needed to achieve iso-accuracy when employed to implem
an MCAM (Fig. 14® i-iii). Projected drops inaccuracyfor

RRAM-based solutions  (Fig. ®) [19] might demand more

peripherals may dominate area overhead, thereby minimizin . L
o i ; - .- agnostic optimizations.

the potential impact of device scaling). One can envision simila
tradeoffs in an integration design space axis. [l. BACKGROUND

Finally, despite exciting breakthroughs with respect to mem- Given the IMC-focus of Secs. Il and V, we highlight emerg-
ory/integration technologies, programming models are typicaliyg memory technologies in Sec. II-A, and IMC architectural
low-level and specic to particular system implementationssolutions in Sec. II-B. Integration technology is brie y reviewed
Developing novelcompiler abstractions and frameworks in Sec. lI-C.
is essential to derive maximal value from this space, @#s Logic and Memory Technology
widespread adoption will be in uenced by the software ecosys- An IMC case study in Sec. Il considers ferroelectric eld
tem. As intelligent memory and integration technology areffect transistors (or FEFETSs). The structure of an FeFET
highly heterogeneous, and may speak to targeted or mesgsembles a MOSFET, except a layer of ferroelectric (FE) oxide
general-purpose workloads, compiler abstractions/framewoiksleposited in the gate stack. Due to the coupling between the
that both enable device agnostic and device speci ¢ optimizBE and CMOS capacitances, the threshold (turn-on) voltage of a
tions are needed. We must design hierarchical models that allggvice can be shifted. This effect can be used to (non-volatilely)
for reasoning about computational primitives at the right levetore information in the FeFET. FeFETs can store multiple
of abstraction. Progressively re ning abstractions in a compil&# levels through partial polarization switching of the FE
framework will enable the identi cation of the most suitabldayer [8], [20], [21]. Si FeFETs require relatively high write
target for each primitive in a given application. Transformationsltage pulses, may have limited write endurance, and large
at different abstractions to optimize for individual memory angkad-after-write latencies. Achieving a suitable/reliable memory
integration technologies are needed. Device and architectwiddow is challenging — e.g., per Fig. 2a, as devices scale, the
models will both enable automatic compiler re-targetability, andlemory window may “collapse” [22]. Per Fig. 2b, 2-bit or
also allow for system-level design space exploration. 3-bit cells may be achievable (typically with write-and-verify

In this paper, we highlight the promise of, challenges foprogramming schemes), although some cell state overlap may
and pressing needs and interests for the memory technolagill exist (which may or may not be tolerable at the application-
and heterogeneous integration themes introduced above. I&el). Additionally, low voltage, high speed memory operations



We can classify AMs according {d) the data representation
in a cell (binary, ternary, multi-bit, analog), ar{@) the type
of match performed. Fig. 3c-inset shows the most compact
FeFET AM cell design that was originally proposed to ac-
complish exact match, best match, and threshold match TCAM
functions (Fig. 3b) based on Hamming distance. (Different
match types employ different sensing circuits [25].) The same
cell design can also function as a multi-bit CAM (MCAM)

Fig. 2. (a) Memory window with scaled devicegb) cell state overlap.  that performs all of the aforementioned matching functtons
This improves storage density and enables unique, in-memory
distance functions — e.g., approximations of Euclidean distance,
which has utility for machine learning, Al, bioinformatics, etc.
even given cell state overlap as in Fig. 2b. Per Fig. 3c, if a
multi-bit state is encoded via FeFEVT values [18], as a
qguery deviates from the stored value (in either direction), cell
conductance increases quadratically, which mini@s Mi)2
of a Euclidean squared distance function. (Euclidean squared
distance is a proxy for Euclidean distance [26] that is commonly
employed in machine learning algorithms.) By connecting
multiple MCAM cells to a common ML, we can also capture
elements of summatiom(Qi;Mi)= L, (Qi  Mj)?).

2) Crossbar Architecturesin Al workloads, a ubiquitous
computationgs the multiply and accumulate (MAC) operation
(e.g.,y = inzl w;X;) that multiplies weights by inputs.
Projections suggest that the energy to retrieve a weight for
a MAC operation from off-chip memory may be two orders
of magnitude higher than the integer MAC operation itself
[27], and co-locating weight data with logic for MACs is
appealing. With inputs represented as voltages on horizontal

Fig. 3. (@) CAM functionality; (b) exact, best, threshold matdle) approximate rows, emerging devices (€.9., RRAM, FeFETs, PCM, etc.) can

quadratic conductance [18] associated with query/stored value comparison 88fV€ as tunable resistors with multiple analog states, and the
be used to approximate Euclidean distance. results of MAC operations are captured by the summation of

. . , urrents from crosspoint connections in a given column.
with high write endurance have been demonstrated using BE@L .
. Integration Technology

compatible FeFET devices by eliminating the defective inter- Chiplet-based systems including 2.5D (single layer of

Iiyelr g\e;tween the F_E(;emd cgannil [2I3t]. Re_port?dZSOM 'n.(t:rl]ugﬁiplets on a substrate) [28] and 3D (dies stacked one on top
( %V. " menlwory \é\"n 0\(;vs(ﬂ) wi '(ta f‘f”c'?s ;zoons VX' of the other) have an ever-increasing number of design options.
write pulses(3) read-after-write latencies ns,(4) The integration substrate can be silicon or glass (achieving high

. . o L
write endur ance Cyg.?ts e;ceeidlﬁg 107, ar;d(i) Tlélltzl gllf/(l::el::Ejrnterconnect density at the expense of cost), a variety of organic
programming capabrity. Analysis suggests tha €FE Gbstrates (often cheaper but with lower interconnect density

are promising for logic-compatible, high-performance on-chip, higher bonding pitch), or EMIB [29] which uses silicon
memories and multi-bit cells for IMC accelerators [24]. bridge dies embedded in organic substrates to possibly obtain
“the best of both worlds.” These different options can have

B. IMC Architectures S
. i i . Substantial impacts on cost and performance.
1) Associative Memoriestn conventional memory, data is

retrieved from a given address. In a CAM, data is supplied 1. FEF'_ET'BASEDASSOC'AT'VEMEMOR'ES _
to memory and all entries that best match a provided queryWe rst examine the IMC case study introduced in Sec. |
can be returned. Per Fig. 3a, in a CAM, each bit of a quelfy more detail. Of general interest is understanding what value
is XNORed with the corresponding bit of every stored entrynay be derived from technology-enabled IMC solutions —e.g.,
With a perfect match, the matchline (ML) does not discharge BIti-bit FeFET random access memories (RAM) and/or multi-
cell matches function as “open switches.” Mismatches functidit FEFET memories with unique compute capabilities. Of
as “closed switches” causing the ML to discharge. In a ternary, . . ) )
dd ble memor (TCAI\/I) “don't care” states c T_he aplhty to use multi-state FeFETs_for analog current _don_1a|n computlr_lg
content addressa y ’ g A5 in being able to set the state of a nite number of polarization domains in
be stored/searched, and cell-level comparisons are treated a® &rroelectric material in a transistor's gate stack. The number of domains
match regardless of values. Search operations are perforrﬁe'ﬁgiven state directly in uences a device's threshold voltage. As the number
. L . . . L . of target states increases, more domains/larger device sizes are required to
directly within the memory itself in O(1) time, eliminating

) ; mitigate stochasticity, device non-idealities, etc. in order to obtain suf cient
expensive data transfer to a compute unit. separationbetween states to achieve a desired application-level accuracy.



particular interest is identifying what bene ts may be derived
from FeFET-centric solutions as compared to scaled CMOS
solutions — especially if larger FEFET devices are needed to
realize a given compute kernel with a technology-enabled IMC
approach. Said studies witjuantify potential application-level
bene ts (thereby “justifying” the potential value of a new
logic/memory device), and also help prioritize research at the
materials science/device-levels, such that technology evolves in
a way that affords maximum application-level impact.

A. MANN Background

For this study, we consider how emerging devices may be
used to support computations associated with MANNs [16].
Using an image classi cation task as an example, a MANN
can employ a tradltlongl CO':]VOIUtI_Onal neural netwo_rk (CNNI;ig. 4. Initial Pareto frontier projections; area projections are a function of the
as acontroller that can identifyN different classes of images.number of ferroelectric domains assumed for a device.

H inst f f i tput I t ftM .
owever, instead of feeding output neuron values to a So a)éarch energy for FeFET-based CAMs. Energy estimates con-

function to generate a probability distribution/classi cation, thé’ int i i d ioheral : tracted
real-valued neuron outputs are instead stored in the networ?ger Interconnect parasitics and peripneral energies extracte

memory. When a new inference operation is pen‘ormed,lra(t)m th&:?)éom')pej'gn space eprO(I)rgtltons EF)SIfs)Esu?gest
real-valued output feature vector is generated, and is sub ger ( omain) devices are needed to estimate Euclidean

quently compared to all learned feature vectors via a distan igtance such that the apophcatloon accuracy delivered by a
function (e.g., cosine or Euclidean distance). The query/cl U can be maiched (98.0%-08.3%). As devices scale, overlap

combination with minimal distance can then represent tlﬁt\nﬁen d C?"m?tatfs r(FrIr?r.nzg)vlT m(/)re Ill:ely, d'ncrre?js'tri‘gnﬂgf
inference/prediction made by the network. An advantage é)e 0od of mis-programmed valueés/accuracy degradation.

this approach is that — assuming a suf ciently large memory Course, FeFETs could also implement a compact RAM to

the existing network controller can be shown/learn new clas%{gre MANN data, which affords the abiliy to realize scaled

post-training. An output feature vector (or vectors assumi \E'f)ei') ?eerrro[z%c?r"cag A'T\;)(#C%lljri%yalzgreztg ;?Qgﬁ:s})sz)fgrmed
multiple instances of the same new class) is created, a ! 'ghly ' !

iy . X o re
searched in subsequent inference operations. multi-bit ferroelecric RAM (2b/cell, 50 domains, but 50% re

i . duction in the number of columns), af8)) the aforementioned
One might employ GPUs, crossbar architectures, etc. to SUp- S : . .
; Lo . . 3b MCAM with in situ Euclidean distancél50 domains, but
port matrix-vector multiplication operations that are typlcah¥ ; . )
. ; o . feduced data transfér)in all instances, write-and-verify op-
associated with a CNN. In initial MANN models [16], cosine ~_ . . . .
. . . . erations were used [32], which would also increase write en-
distance was typically performed to identify a best match = .
. . erlgy/latency(4) If small accuracy degradations are acceptable,
which necessitates the transfer of all stored/learned classes fro g . .
: . —__more substantial area and energy savings are possible (purple
memory to a GPU. (Data transfer overhead typically dominates : : o . .
) . ata points)An ultimate goal is iso-accuracy solutions, with the
gures of merit such as energy and latency [25].) The ability to : . . .
; : ) : : ._energy/latency savings of IMC solutions, with scaled devices.
perform matching functions in the memory itself is appealing .
as data transfer overhead could be eliminated. However, CAM Layout-based Analysis .
matching functions were typically limited to Hamming distance TO construct a more accurate view of the MANN landscape,
(real-valued CNN outputs were hashed to binary signaturé@§ conducted a layout-based analysis that accounts for the
[25]), and swapping cosine distance for Hamming distan@é’d|t|onal area overheads associated with ertlng data to Fe-
often results in degraded accuracy [18]. However, netwoRiET bitcells and performing search operations. We estimated
outputs can also be quantized Xo-bit numbers. Furthermore the MCAM macro area, assuming a 100-domain device (see
this state can be stored in a multi-bit FeFET structure, whiétpotnote 3), by designing the entire macro in a commercial
in-turn can implement an MCAM structure capable of agd® nm process, and then scaling down the peripheral circuitry
proximating Euclidean distance per Sec II-B. Existing worl® 5 nm. To perform scaling, we compare the SRAM bitcell
suggests that 3-bit representations are suf cient for iso-accuradiga for the commercial 65 nm process to the SRAM bitcell
in hyperdimensional computing problems [18]; work discussédea for the same foundry's 5 nm process and divide our area
below also suggests said structures can achieve iso-accuracyfiordingly. We scaled the memory array itself to match 100-

MANN workloads with 3-bit precision/some cell state overlagiomain bitcells assuming 10 rinper domain [33], [34] (as
N _ this is essentially iso-accuracy with a 150 domain device—
B. Initial Benchmarking 98.09% versus 97.82%—and we aim to understand the impact
Fig. 4 captures how the number of ferroelectric domains,

the read/write scheme employed, and the memory modalit 2For caseq1) and (2) the FeFET is simply used to store data that is sent
' oya GPU for a distance function calculation; ignoring the potential impact of

empIOyEd impact search energy er MANN workloads [30 ndurance, etc. In the best case, this could reduce memory footprint — e.g.,
(We use SPICE and an FeFET Preisach model [31] to estimadguiring one device in lieu of a 6T SRAM.




of peripherals/physical layouts on ultimately scaled solutions).
The MCAM macro has four main components) the memory
array, (2) match-line (ML) drivers,(3) data-line (DL) drivers,
and(4) capture circuitry. Fig. 4 (inset) depicts the mirrored top
half of the MCAM macro, with relevant components labeled.
The ML and BL drivers decode a digital input that represents
which voltage (including a high-impedance state) to drive the
line to and subsequently charge or discharge the line. To enable
the write operation of the FeFET bitcells, both the ML and
DL drivers must support driving the line t¥ss, Vpp , and
an inhibit voltageV, . The inhibit voltage is essential to avoid
the unintentional writing of adjacent cells. Additionally, the DL
drivers must support a write voltagéy . The write voltage is
often signi cantly higher than the maximum tolerable voltage
for core FETS, so the switches that connect the DMto must
be made from thick-oxide FETs to prevent oxide breakdown. In
addition, the signal controlling the, switch must be boosted
from the core voltage to the write voltage, lest the switch is not
fully turned on. This thick-oxide circuitry requires larger FET&nd an overall area increase oR21% compared to the macro
and PDK-mandated spacing, which increases the area footpgrise approach we employ.
of the DL drivers. If the inhibit voltages are also greater than the To estimate MCAM power, we extracted parasitic capac-
maximum core voltage, both the ML and DL drivers will incuiitance and resistance from our 65 nm design, measured the
similar/additional area penalties. The drive strength of the liggwer, and then scaled it to 5 nm. For FeFET RAM estimates,
charging switches also impacts the area of the drivers. In thig use the same driver circuitry, but assume 10-domain devices
study, we choose switches that can charge and discharge (hiee-tenth of the memory array area, and line capacitance).
MLs and DLs suf ciently fast to support 400 MHz operation.We estimated the CMOS SRAM area and power by using the
FeFET-based architectures typically assume a negative vettemory compiler for the same commercial 65 nm process, and
age erase scheme in which drivers apply negative voltage pulagain scaled the results. We compiled for both fast and balanced
to the gate of a device to reset the polarization state [2hhemory with the same capacity at different dimensions and
However, negative voltages require reverse substrate biasitigose optimally-sized memory to build the Pareto frontier.
which may cause unwanted current ow through the p-n junc- These estimations reinforce the conclusion that FEFET de-
tion of the substrate. Also, each switch that drives a negativiges can be Pareto-optimal compared to scaled CMOS when
voltage must also have a level shifter to convert the contrgéed in novel modes. Comparing a 3b, 100-domain FeFET
signal, which increases driver area and power. Finally, negativecAM to a 5 nm CMOS SRAM solution, the area of the
voltage switches and their level shifters must be placed withFeFET solution is 5X higher, while the energy required for
an isolated deep n-well, which imposes spacing requiremettie FeFET solution is 8X lower*. However, scaled CMOS
between subsequent drivers and increases their effective ate@ outperform FeFETs when the FEFETSs are used as a drop-
For this study, we chose to eschew negative voltages entirglySRAM replacement, as the peripheral power and area domi-
in favor of an array-wide macro erase, which biases the bogdytes. As technology scaling continues, the peripheral circuitry
of all FeFET bitcells to a high voltage to erase all cellsan be made smaller, so it consumes less of the total macro area.
simultaneously. Since this approach requires well contacts However, the size of the FeFET MCAM bitcell may ultimately
bias the deep n-well and extra spacing, it does imposeba limited by the number of domains needed to support its
small area overhead to the bitcell array and also limits writeperation, so the area of the FeFET MCAM bitcell itself might
verify operation. It is feasible to support column-wise or row-increase relative to a scaled SRAM bitcell. Future work will
wise erase—and thus more robust write-verify—but doing s$dentify if there is an in ection point beyond which further
requires separate wells, which would decrease array densiééchnology scaling favors a purely-SRAM solution. Finally, per
Preliminary estimates suggest an area increase2otx for the Sec. V, advances icompilersmay in uence how frequently
bitcell array itself, a 12% area increase for the ML driversIMC solutions are employed in end-to-end workloads.

Fig. 5. Updated Pareto frontier projections.

D. Future Research Directions

3As MANNs do not require frequent writes, this is acceptable as we T | bri di bset of ible fut
could begin with an erased memory and add data to it. That said, write- 0 close, we Dbriey discuss a subset or possible future

verify approaches would need additional investigation, as with 100-150 domdi@search directions/needs given the above context. As examples,
devices, between 3 and 5 "reset’ operations may be needed to set a desygftk presented in Sec. IlI-C considers layouts that facilitate

polarization state to represent a given 3b value [32], which may be prohibitiye . . . . . i
given the erase scheme assumed here. In this work we intentionally assunﬁgﬁted write-verify operations in an effort to mitigate adverse

“best case” scenario in terms of write energy, and area ef ciency for the CAM

array itself to establish a ” oor” for the impact of drive circuitry and layouts. “4Again, in this example, the FeFET numbers are likely optimistic owing to
We discuss impact on future materials/device research in Sec. IlI-D, and wited for write-verify operations. However, CMOS projections are also likely
revisit the notion of write-verify operations in the context of accuracy, etc. optimistic as no area for logic — i.e., to calculate cosine distance — is included.
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