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Abstract—Superconducting digital (SCD) technology has long
carried promise for advancing large-scale computing leveraging
the unique physical characteristics of superconducting materials
and devices, such as low-voltage, high-frequency operation and
zero-resistance interconnects. At the same time, SCD technology
has also historically been beset with many scaling challenges.
However, recent critical advances including improved power
delivery, high integration density and availability of super-
conducting random-access memory prompt a fresh evaluation
of SCD-based computing. In this paper, we study whether
SCD systems can outperform conventional CMOS and cryo-
CMOS for large-scale workloads even after accounting for full
system overheads. Using a novel multilevel analytical modeling
framework, our study explores performance implications of
various SCD configurations across a range of architecture and
technology assumptions in applications such as large language
models (LLMs). The results show that, despite cooling overheads,
a key benefit of recently proposed SCD technology is 9× - 286×
better energy efficiency. By contrast, performance gains ranging
between 4× - 16× are more limited and strongly depend on
the availability of high-density, high-bandwidth on-chip memory
that traditionally was not attainable. In general, the results show
that recent technological advances are key to a promising scalable
path forward, where our ablation studies highlight critical aspects
of the maturity of SCD technology.

Index Terms—High-Performance Computing, Performance
Modeling, Energy Modeling, Superconducting Digital Technol-
ogy, Cryo-CMOS Technology

I. INTRODUCTION

THE steady advancement of computational demands es-
pecially in scientific computing and artificial intelligence

(AI), e.g. using large language models (LLMs) has led to
an unprecedented demand for computing resources, where
traditional CMOS technology is approaching physical and
economic limitations. Superconducting digital (SCD) technol-
ogy [1] has fundamental advantages based on the supercon-
ducting physics of materials, including wires with negligible
dissipation/diffusion, 100 GHz frequencies, and active devices
operating on a pico-second time scale and sub-attoJoule energy
levels [2]. However, despite its promise, SCD technology has
historically suffered from many challenges; low scalability,
high static power consumption, cooling requirements, low cir-
cuit density, and low-density shift register-based memories [3]
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at the single-processor scale. As a result, previously proposed
SCD-based system designs were limited to simpler general-
purpose processors [4], [5], [6] or specialized hardware accel-
erators [7], [8], [9], [10].

While superconducting technology has existed for decades,
recent critical technological advances in scalable power de-
livery networks and superconducting memory at high den-
sity [11] make it a particularly interesting time to reevaluate
SCD-based computing. The basic component in superconduct-
ing compute circuits is a 2-terminal superconducting tunnel
junction known as Josephson Junction (JJ). Traditionally,
the scalability of superconducting logic was limited by the
large transformers required for the inductive power delivery
network. Recently developed pulse conserving logic (PCL)
[11] operates with capacitive power delivery using dual-rail
signaling, where, similar to CMOS, energy is only consumed
during signal transitions. Similarly, Josephson-SRAM (JS-
RAM) [11] as an active array-based memory that uses the
same signal levels and power distribution as logic circuits can
achieve a 600-fold increase in memory density compared to
legacy SCD memories. The availability of on-chip JSRAM
in particular provides a critical building block for large-scale
superconducting architectures that avoid data movement across
cooling domains. Together, these developments prompt a fresh
look into the feasibility of SCD-based large-scale computing.

In this paper, we investigate whether large-scale SCD sys-
tems are a feasible option for future energy-efficient data-
centers. We aim to advance the understanding of the SCD
technology landscape by trying to answer the following ques-
tions: ❶ How much system-wide benefit can the latest SCD
technology deliver in practice after cooling costs and other
system overheads are taken into account, ❷ how sensitive
are these benefits to SCD technology assumptions, and ❸
how do SCD technology parameters impact architectural and
application-level design decisions? To answer these questions,
we develop a novel hierarchical modeling framework for
datacenter-scale computer systems. Using this framework, we
conduct extensive design-space exploration (DSE) across tech-
nology assumptions, architecture configurations and execution
strategies. We compare SCD-based systems against state-of-
the-art GPU clusters, as well as other CMOS and cryo-CMOS
systems. Finally, we conduct an ablation study to understand
the impact of the parameters of the SCD technology while
providing insights for the development of future architectures
and technologies. To the best of our knowledge, our work is
the first to explore the system-level performance and energy
impact of large-scale superconducting systems, in particular,
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Fig. 1. LLM training performance and efficiency across multiple architectures.
Labels represent ablation variations of the baseline SCD architecture as
explained in Section VI.

using PCL and JSRAM technologies, with detailed modeling
across full architectures and emerging workloads. Prior work
has only considered node-level projections, relying largely
on optimistic assumptions and stopping short of full system
architectural analysis. Our work addresses this gap through the
following contributions:

• We introduce a novel hierarchical framework to model
performance and energy of large-scale system architec-
tures across various technologies running emerging work-
loads. Our proposed framework accounts for system-level
overheads while capturing the interaction between tech-
nology parameters, architectural/system configurations,
and application mappings.

• We explore the architectural and system design of su-
perconducting systems, and provide a comprehensive
assessment of system performance and energy efficiency
for emerging workloads such as LLMs.

• We conduct a comparative study of SCD against state-
of-the-art CMOS and cryo-CMOS systems and perform
in-depth analyses and ablation studies to quantify the
impact of critical SCD parameters, including frequency
scaling, logic/memory density, 3D stacking, and shift
buffer memory basis on overall system performance and
energy efficiency.

The remainder of this paper is organized as follows: Sec-
tions II and III provide a brief motivation and background
on superconducting technology and systems. Sections IV and
V describe our hierarchical modeling framework in detail
along with its respective validation. Section VI presents our
performance and energy studies of SCD systems. Lastly,
Sections VII and VIII provide a discussion and conclusion
on our findings.

II. MOTIVATION

Figure 1 summarizes the energy and performance of various
systems modeled in this paper. Our main findings are that,
despite cooling overhead, best-case SCD technology promises
not only significant speedup, but crucially and somewhat sur-
prisingly also major energy efficiency improvements compared

to H100, TPUv4, and cryo-CMOS systems scaled to the same
total area. Compared to an H100 system, the SCD system
achieves a 6.6× and 3.9× overall performance improvement,
and 40× and 29× better energy efficiency in LLM training
and inference, respectively. Those results show the potential
to build future supercomputing systems with SCD technology.

Our ablation studies show that the density, frequency, and
on-chip SRAM enabled by the state-of-the-art SCD technology
are essential to the system’s performance. Performance and
energy of the SCD system is sensitive to DRAM accesses,
therefore, favor designs with high in-SRAM data locality.
As such, high bandwidth superconducting SRAM is crucial
to achieving performance improvements, while other factors
like frequency and density are less significant, where an
order of magnitude improved energy-delay product (EDP) is
still achieved with reduced frequency or density. As will be
detailed in the rest of the paper and in Section VI, different
assumptions, including cooling technology, thus have varying
impacts on overall system performance and energy.

III. BACKGROUND

In the following, we discuss superconducting technologies
and prior superconducting architectures and systems.

A. Logic and Memory Technology

Operating CMOS at cryogenic temperatures has been pro-
posed as a way to overcome energy efficiency barriers due
to the end of Dennard scaling. A 5nm FinFET technology
operating at 77K can achieve ~1× 10−5× lower OFF current
leading to ultra-low static power consumption and ~50% speed
increase at constant operating power due to improvements
in mobility compared to 300K [13]. Alternatively, supply
voltage scaling (~2×) reduces the dynamic power (~CfV 2

DD)
to 0.27× at 77K while operating at same speed as 300K [13].
However, these metrics don’t improve further at lower tem-
peratures, and the advantages are outweighed by exponen-
tial increase in cooling cost. Wall-plug power increases to
~325W/W at 4K compared to ~22W/W at 77K for >1000
PFLOPS performance [11].

By contrast, superconducting technology offers radical ad-
vantages. Superconducting circuits, composed of materials
exhibiting zero electrical resistance at ultra-low temperatures
(4K), can achieve ultrafast speeds (~30GHz) and extremely
low energy dissipation (~0.01× compared to 7nm CMOS plat-
form including cooling overhead) [11]. However, traditionally,
scalability has been a big challenge for Josephson Junction
(JJ)-based logic and memory circuits that various works over
the years have aimed to overcome. Figure 2 shows a summary
and overview of the evolution of superconducting technology.
Superconducting Logic: Table III summarizes the compar-
ison across different CMOS-based and SCD technologies.
CMOS-based technologies have high scalability but suffer
from energy efficiency and frequency. Rapid/Resistive single
flux quantum (RSFQ) [23], [24], [25] logic achieves higher
frequency, but energy efficiency is still limited by resistive
(DC) power distribution. Energy-efficient RSFQ (ERFSQ)
variants [15], [16], [26] introduce JJs and inductors in place
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Fig. 2. Evolution of superconducting logic technology in the past 3 decades: (a) RSFQ used resisters to deliver bias current, (b) ERSFQ (Energy efficient
RSFQ) replaced the bias resistors by inductors and JJs, (c) AQFP and (d) RQL logic used AC power to bias the JJs via inductively coupled transformers, and
(e) PCL uses dual-rail signals and preservation of pulses while replacing the large transformers with scalable MIM capacitors for AC power delivery.

TABLE I
COMPARISON OF CMOS, CRYO-CMOS AND SUPERCONDUCTING LOGIC (INCLUDING COOLING COSTS FOR ENERGY PER MAC OPERATION).

CMOS [12] Cryo-CMOS [13] RSFQ [14], [7] ERSFQ [15], [16] QFP [17] RQL [18], [19] PML [20] PCL [11]
Temperature 300K 77K 4K 4K 4K 4K 4K 4K
Cooling cost 1 W/W 22 W/W 325 W/W 325 W/W 325 W/W 325 W/W 325 W/W 325 W/W
Tech. node 7nm 7nm 1um 1um ~um ~um ~um 28nm

Power supply DC DC DC DC AC AC AC AC
MAC energy 0.4 pJ 2.3-8.8 pJ 0.6 pJ 1.2 pJ High High High 14 fJ

Frequency 4GHz 4-5.6GHz 50 GHz 50 GHz ~1 GHz ≤10GHz ~ 30 GHz

TABLE II
COMPARISON OF CMOS, CRYO-CMOS (ISO-ION AND ISO-IOFF VTH OPTIMIZATION) AND SUPERCONDUCTING JSRAM.

300K SRAM [21] 77K Cryo-SRAM [22] 12K JSRAM [11]
Tech Node 5nm FinFET 5nm FinFET Si barrier JJ, NbTiN

Power Supply 0.75V 0.4V AC bias 4 mA
Memory Density 4 MB/mm2 4 MB/mm2 0.04 MB/mm2

Cycle time 2 GHz 2 GHz 30 GHz
Access time 200 ps/kB 200 ps/kB 4 ps/cell (zero R interconnect)

Avg. Read/Write Power 1 µW/bit 0.25 µW/bit * 22 (cooling) ~1.94 nW/bit * 325 (cooling)
Static Power 10 nW/cell 10 nW/cell * 22 (cooling) ~0 (AC bias)

Avg. Read/Write energy 0.5 fJ/bit 0.125 fJ/bit * 22 (cooling) ~0.065 aJ/bit * 325 (cooling)

of the bias resistors thus eliminating static power dissipation
at the expense of higher dynamic energy consumption and
lower density compared to RSFQ. Adiabatic quantum flux
parametron (QFP) [17], [27], [28], [29], reciprocal quantum
logic (RQL) [18], [19], [30], and phase mode logic (PML) [20]
achieve high energy efficiency, but are limited in scalability
and frequency.

Recently developed pulse conserving logic (PCL) [11] has
shown potential to rival conventional CMOS technology in
both integration density and performance, especially when
fully leveraging advanced fabrication processes. PCL operates
with dual-rail signaling, similar to CMOS, where energy is
only consumed during signal transitions, and there is no added
penalty in clock rate or latency for logical inversion [11]. The
pulse conservation aspect of PCL enables the implementation
of more complex logical operations with reduced latency [11].
In addition, integration of up to 400 million AC-biased
Josephson junctions (JJs) per cm2 [31] has been demonstrated,
supported by higher routing density, JJ density and bias-tap
capacitor density due to advancements in materials.
Superconducting Memory: The ability to architect large-
scale superconducting computer architectures strongly depends
on on-chip superconducting memories, as otherwise data has

to move across cooling domains. Early (R)SFQ-based logic
variants relied heavily upon shift-register based sequential-
access memory, which affects memory bandwidth and con-
sumes more dynamic energy, due to the absence of a dense
superconducting random access memory. This has changed
with the advent of JJ-based SRAM (JSRAM).

In SFQ-based memory, state retention is naturally achieved
in superconducting loops, but implementing X-Y addressing
has proven challenging due to the high fanout of signals
required. As a result, the memory density of SFQ systems
has been relatively low [32], [33], [34].

By contrast, recently reported JSRAM [11], being an active
array-based memory [35], [36] that uses same signal levels
and power distribution as logic circuits, can achieve 600-
fold increase in memory density than the legacy SFQ-based
random access memories [3], [33], [34]. The enhanced density
is made possible through the efficient utilization of fabrication
resources across the entire stack, including bias taps, junctions,
and inductive wiring.

Table III compares 5nm FinFET based SRAM [21], 77K
cryo-SRAM [22] and JJ-array based JSRAM [11] as cache
memory for superconducting computing. Due to ~2× VDD
scaling possible with VTH optimization at iso-ION and iso-IOFF
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Fig. 3. A multidimensional and hierarchical superconducting interconnect network between different superconducting accelerator stacks achieves high
volumetric compute density in an efficient manner. Each accelerator stack (3D die to wafer/die to die) is connected to others via 2.5D integration on
a silicon interposer (at 4K) and the network stack at the edges of the blade allow for blade to blade (3D package on package) integration: (a) Overall
architecture, and (b) cross-section cartoon diagram of superconducting accelerator stack and blade stacking.

condition, cryo-SRAM gains 4× in terms of read/write power
consumption compared to 300K operation. On the other hand,
JSRAM benefits from 50× lower access time and 20× lower
read/write power (including cooling overhead) compared to
cryo-SRAM, but suffers 100× lower memory density.
Cooling Technology: Modern commercial cryo-coolers using
Helium liquefaction from companies such as Linde can have
overheads as low as 315 W/W with capacities of 100W
to 2.5kW at 4.5K in a single refrigerator [37]. However,
cooling efficiency diminishes with refrigerator size favoring
large systems. We use cooling factors of 325W/W and 22W/W
at 4K and 77K, respectively, as baselines for our analysis.

B. Architectures and Systems

Superconducting Architectures: Superconducting computer
architectures have similarly evolved jointly with technology
to take advantage of benefits or account for limitations. Early
SCD microprocessor with SFQ technology [4] were demon-
strated in 2007, followed by support of stored program [5]
and adoption of fine-grain, gate-level pipelining [6]. To work
around logic limitations, an approximate stochastic computing-
based accelerator [10] in AQFP technology was proposed
and achieved very high energy efficiency for deep learning.
Similarly, temporal logic architectures [8] were proposed
to improve logic density of SFQ, followed by designs of
accelerator blocks, including multiply-add, dot product units
and Finite Impulse Response filters [9]. All of the above
designs either lack on-chip memory or use shift-register-based
memory. SuperNPU [7] demonstrated the first systolic-array
accelerator that architecturally tackles the performance short-
comings of the shifting memory. However, shifting memory
still introduces excessive energy cost as all the entries in
the shifting buffer need to be shifted even only one entry is
accessed. Furthermore, the scales of all the above designs are
too small, which lowers the cooling efficiency [37] and their
competitiveness against CMOS systems. Superconducting

Systems: While superconducting architectures have been stud-
ied broadly in the past, how to construct complete computing
systems out of them has received little attention. A ”data center
in a shoe box” system was recently proposed [38] using SCD
chips in PCL technology that are 3D stacked on blades and
placed into a shoe box sized cryogenic refrigerator. It is the
first proposal to scale SCD devices to the datacenter scale,
enabled by 3D-stacking of chips with dense PCL logic and
JSRAM, multidimensional and hierarchical superconducting
interconnect, high-bandwidth cryo HBM DRAM and efficient
system-level cooling (Figure 3). The “shoe box” datacenter
features a hierarchical design. At the lowest level, it is com-
posed of accelerator stacks, and each stack includes multi-
ple compute logic and SRAM dies interconnected vertically.
Similar to SuperNPU, a compute die contains a systolic array
to accelerate general matrix-matrix multiplication (GEMM),
while the main component of an SRAM die is high-density
JSRAM to provide data for the systolic array. Figure 3(b)
illustrates four accelerator stacks. Multiple accelerator stacks
are connected in a 2D mesh to form a blade, and multiple
blades are integrated vertically to compose an SCD system
(top right of Figure 3(a)). A large volume of HBM memory
is attached to each blade and shared by all accelerators on
the blade. Note that while accelerator stacks reside in the 4K
domain, HBM is placed at 77K due to its limited benefits and
high cooling cost in 4K. As a result, HBM accesses cross
the interface between 4K and 77K at the blade and not the
individual accelerator level, different from current GPU and
TPU systems. The compact 3D design of the “shoe box”
datacenter is both constrained and made possible by current
cryo coolers [37]. This architecture forms the template for
studying SCD and other systems in this paper.

IV. HIERARCHICAL SYSTEM MODELING FRAMEWORK

In this section, we present a detailed overview of our multi-
level system modeling framework as illustrated in Figure 4.
Our approach is based on a generic four-level hierarchical
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Fig. 4. Hierarchical system modeling framework for large-scale computing systems—including CMOS, cryo-CMOS, superconducting, and other emerging
technologies. Organized from tile to cluster level, the framework captures application, technology, and hardware parameters for comprehensive full-system
performance and energy analysis.

system architecture template. The lowest tile level corresponds
to a chip containing an array of Processing Elements (PEs) and
on-chip SRAM. Above tiles is the accelerator level, which
can be a PCB, blade, or system-in-package (SiP) that includes
multiple chips and DRAM memory. Multiple accelerators are
then interconnected to form a node, and multiple nodes are
interconnected to form a cluster. Additional memory hierar-
chies can be integrated at the node and cluster levels to model
scenarios involving memory offloading.

Our hierarchical framework supports the modeling of het-
erogeneous compute, memory, and interconnect across CMOS,
cryo-CMOS, SCD and other emerging technologies. For ex-
ample, to represent the SCD system described in Section III-B,
each tile could be an SCD chip containing PE and JSRAM.
Each accelerator might include a cryo-HBM and an array

of tiles connected by superconducting switches and links.
A node could represent a cryogenic refrigerator that houses
these accelerators, while a cluster could comprise multiple
cryogenic refrigerators interconnected via room-temperature
links, including traditional or optical interconnects.

Our framework builds on Calculon [39]’s system model for
LLMs, which captures the most important compute-memory
tradeoffs at the node and cluster level. We replace Calculon’s
GPU model with analytical GEMM models for systolic or
flat architectures at the accelerator and tile levels, which in
turn rely on table-based plugins capturing key technology
parameters at the PE and SRAM level.

The rest of this section describes details of our framework
for workloads targeted in this paper, i.e. GEMMs and LLMs.
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Fig. 5. Accelerator-level GEMM hierarchical tiling and mapping strategy.

A. Tile/Accelerator-Level Modeling

We use Cannon’s GEMM algorithm [40] to recursively map
GEMMs of different sizes across tile and accelerator hierar-
chies. Cannon-GEMM is efficient in both memory accesses
and interconnect communications, allowing the full use of the
performance benefits across different technologies. Figure 5
provides an overview of our hierarchical tiling and mapping
strategy at the accelerator level. In particular, we introduce
two types of tiling: temporal and spatial tiling. Temporal
tiling breaks a larger GEMM into smaller operations that fit
within the aggregated memory at the next lower level to be
processed sequentially. Spatial tiling then further distributes
the computation across components at the next lower level,
exploiting spatial parallelism.

Our heuristic for temporal tiling is to maximize local
memory utilization and thus minimize the number of temporal
loop iterations at each hierarchy level. As shown in Figure
5, temporal tiling partitions matrices A, B, and C along the
dimensions m, k, and n into tiles of size m′, n′, and k′ so
that they completely fill the aggregated buffers of the next
level, in this case the tile-level SRAMs. For spatial tiling, our
heuristic is to fully leverage available compute resources to
maximize spatial parallelism. In Figure 5, the temporally tiled
dimensions m′, n′, and k′ are further partitioned into m′′, n′′,
and k′′ so that all accelerator tiles are utilized for maximum
spatial parallelism. The following formulas present our model
for estimating GEMM latency for a problem of size (m, k, n)
on hardware hierarchy i.
Temporal Tiling: At each hierarchy, a temporal tiling is
performed to fit tiled matrices into aggregated buffers of
the next hierarchy. To maintain maximum locality, matrices
(m, k, n) are tiled to m′, k′, n′ such that the number of
temporal iterations (Ct) is minimized while fitting within
buffer size (Sbuff ). We use an exhaustive search to find the

optimized tile sizes:

m′, k′, n′ = argmin
m′,k′,n′

⌈ m
m′ ⌉ × ⌈ k

k′
⌉ × ⌈ n

n′ ⌉

s.t. m′k′ + k′n′ +m′n′ ≤ Sbuff

(1)

Ct = ⌈ m
m′ ⌉ × ⌈ k

k′
⌉ × ⌈ n

n′ ⌉ (2)

Spatial Tiling: Matrices of m′, k′, n′ are further tiled to
m′′, k′′, n′′ according to the spatial mesh dimension. We
explore the maximum spatial parallelism by utilizing all tiles
in the mesh interconnect with mesh dimensions P × P :

m′′, k′′, n′′ = ⌈m
′

P
⌉, ⌈k

′

P
⌉, ⌈n

′

P
⌉ (3)

Latency Modeling: The Cannon-GEMM model estimates 4
categories of latencies: Tprep, Tcomm, Tcomp and Tstore.
Tprep is the latency to load GEMM data from memories at

level i into the next hierarchy i+1 to prepare for execution. We
model this latency by taking the roofline of two latencies: (1)
the latency for each component at hierarchy i+1 to load tiled
matrices of size m′′k′′ and k′′n′′ into its local memory, dic-
tated by the bandwidth of the interconnect network (BWnwi

)
and the bandwidth of local memory (BWmemi+1

), and (2) the
latency to read the matrices m′k′ and k′n′ from memory at
hierarchy i, dictated by its memory bandwidth (BWmemi ):

Tprep = max

(︃
m′′k′′ + k′′n′′

min(BWnwi , BWmemi+1)
,
m′k′ + k′n′

BWmemi

)︃
(4)

Tcomm is the latency for all tiles in the hierarchy i + 1
to exchange data in a shifting manner. This is bounded by
the interconnect or memory bandwidth. We assume concurrent
horizontal and vertical shifting so the maximum of 4 terms is
taken:

Tcomm =
max(m′′k′′, k′′n′′)

min(BWnwi
, BWmemi+1

)
(5)

Tcomp is time for each tile in the next hierarchy to finish
executing of its tiled GEMM (m′′, k′′, n′′). At accelerator or
higher levels, we recursively evaluate Tcompi+1

= Li+2 as the
latency of a Cannon-GEMM model at the next lower modeling
level following Eq. 9. In the case of our lowest (tile) level,
we adopt analytical models that either model a systolic array
architecture similar to Scale-Sim [41] or a flat architecture
similar to Timeloop [42]. In case of a systolic array, each
tiled GEMM of dimensions (m′′, k′′, n′′) executes on a d× d
systolic array using an output stationary dataflow. We consider
three cases depending on the relationship between the tile
dimensions and the systolic array size, where for all cases
but m′′ = d and n′′ = d, the systolic array is underutilized
due to partial mapping along one or more dimensions:
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Tcomp =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Ttile, if m′′ ≤ d and n′′ ≤ d

⌈m′′

d ⌉Ttile(d, k
′′, n′′)

+ Ttile(m
′′ mod d, k′′, n′′),

if m′′ > d and n′′ ≤ d

⌈n′′

d ⌉Ttile(m
′′, k′′, d)

+ Ttile(m
′′, k′′, n′′ mod d),

if n′′ > d and m′′ ≤ d

⌈m′′

d ⌉⌈n′′

d ⌉Ttile(d, k
′′, d)

+ ⌈m′′

d ⌉Ttile(d, k
′′, n′′ mod d)

+ ⌈n′′

d ⌉Ttile(m
′′ mod d, k′′, d)

+ Ttile(m
′′ mod d, k′′, n′′ mod d),

if m′′ > d and n′′ > d,
(6)

where Ttile is the latency for a fully utilized number of
compute resources in the array:

Ttile = max

(︃
(2m′′ + n′′ + k′′ − 2)Tcycle,

dk′′ + k′′d+ d2

BWsram

)︃
Alternatively, in addition to systolic array modeling, our

framework supports a roofline model representing a flat ar-
chitecture where the execution time is bounded by either the
available compute throughput or the memory bandwidth:

Tcomp = max

(︃
m′′n′′k′′

d2
Tcycle,

D

BWsram

)︃
, (7)

where D is the total amount of data to be transferred to
perform the GEMM. Note that a systolic tile model is used
for all of our experiments.

Finally, Tstore is the latency to retrieve output matrices from
memories of the hierarchy i+ 1 and store them into memory
of hierarchy i. It is the maximum of hierarchy i memory store
latency, hierarchy i+1 memory read latency, and interconnect
communication latency:

Tstore = max

(︃
mn

BWmemi

,
m′′n′′

BWmemi+1

,
m′′n′′

BWnwi

)︃
(8)

The overall latency L to perform a GEMM (m, k, n) on
hierarchy i is therefore given by a combination of the 4 laten-
cies above. We assume perfect overlapping of memory access,
compute, and communication. Therefore, the overall latency
is the maximum of 3 terms times the number of temporal
iterations. In each temporal iteration, compute is performed
P times, where P is mesh dimension, and communication
is performed P − 1 times, according to Cannon’s GEMM
algorithm:

L = Ct ×max(Tprep + Tstore, P × Tcomp, (P − 1)× Tcomm)
(9)

Energy Modeling: Our energy model sums up the energy
consumption of each hardware component during workload
execution. We collect counters like the number of MAC
operations, bytes of memory accesses and interconnect com-
munication at each hierarchy level to derive the total dynamic
energy. The total static energy is calculated by the total
latency times system-wide static power. All energy and power
estimates include cooling costs as shown in Tables III and III.

B. Node/Cluster-level Modeling

At cluster and node levels, our framework supports mod-
eling of large GEMMs or LLMs. For GEMMs, we extend
the Cannon model described in Section IV-A hierarchically
up to nodes and clusters. LLM workloads are characterized
by parameters such as the number of attention heads (nheads),
the number of transformer blocks (layers) (nblocks), sequence
length (seqlen), hidden size (hsize), attention size (attsize), and
feed-forward dimension (dff ). Often, these workloads exceed
the memory and computational limits of a single accelerator,
necessitating their distribution across multiple accelerators
and nodes. Using these parameters, each transformer layer is
decomposed into its constituent GEMM operations, including
feed-forward projections and attention computations (QKT ,
softmax, score.V ), which are then mapped through the hi-
erarchical tiling and latency model described in Section IV-A.
Different mapping strategies are explored to efficiently dis-
tribute both inference and training workloads across individ-
ual nodes and accelerators. We utilize Calculon’s validated
analytical model, which captures key performance aspects
to evaluate a wide range of parallelism strategies, including
data parallelism (DP), tensor parallelism (TP), and pipeline
parallelism (PP), as well as various optimization techniques.
Calculon also accounts for factors such as inter- and intra-
node communication overhead, parallelism overhead, memory
offloading, and activation recomputation. For each system and
workload combination, we exhaustively search the space of
parallelism configurations combining TP, PP, and DP along
with optimizations such as ZeRO-style optimizer state parti-
tioning to identify the optimal strategy.

While Calculon’s analytical model is well suited for GPU
systems, we have extended its capabilities in three key areas
to effectively model a wider range of systems including
SCD-based architectures. First, we incorporate SCD-specific
overheads, such as cooling efficiency, cryo-interface latencies,
and other factors inherent to SCD. Second, we increase the
depth of the modeling to the accelerator and tile levels
by integrating our custom GEMM models (described in the
previous section), allowing us to analyze how technology
parameters at the tile level affect the overall performance
of the system. Finally, we implemented energy consumption
calculations within our extended framework to evaluate a
comprehensive breakdown of energy components, including
static power consumption, compute operations, communica-
tion overhead, memory access, and inter-domain interface cost.
Building on tile- and accelerator level models, our energy
calculations are implemented by summing individual energies
across all relevant components to provide the total energy
consumption for a given workload and system configuration.
This multilevel approach allows us to capture both high-
level LLM mapping strategies and low-level performance and
energy characteristics with high fidelity.

Table III summarizes the modeling capabilities of the frame-
work used in this paper and described in this section. A combi-
nation of all these features is used in conjunction to model the
cluster/node level and accelerator/tile level. Calculon’s model
captures parallelization strategies, workload distribution and



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 8

TABLE III
ATTRIBUTES AND LIMITATIONS OF MODELING METHODOLOGY

Characteristic Calculon [39] OURS
Analytical model ✓ ✓
Energy prediction ◦ ✓
Node level (server/host partitioning) ✓
Accelerator level (chip-level throughput/latency) ✓
Tile level (systolic tile, PE array) ✓
Layer-to-GEMM translation (operator mapping) ✓
GEMM partitioning strategy (Cannon/2D/3D) ✓
Systolic/dataflow modeling (timing, reuse) ✓
Latency modeling (end-to-end op latency) ✓ ✓
Sample Throughput ✓
Memory hierarchy modeling (SRAM/DRAM/tiling) ◦ ✓
On-chip interconnect / NoC modeling ✓
Network / inter-node communications ✓
Value Precision effects ✓ ✓
Multi-node / multi-accelerator scaling ✓ ◦
Workload characterization for LLMs (tokens, layers) ✓
Scheduler ◦ ◦
Validation against hardware/silicon measurements ◦
Sensitivity analysis (param sweeps, ablation) ✓ ✓
Area / physical-resource estimation ✓
Open-source ✓ ✓
Legend: ✓ = Supported ◦ = Added / Partial Blank = Not supported

inter-accelerator communication while abstracting details of
the accelerator architecture. We adapt our modeling to expand
beyond these abstractions by incorporating accelerator-level
compute, memory hierarchy partitioning, and dataflow/tile-
level execution allowing system-level scheduling to be influ-
enced by accelerator hardware performance and energy.

V. MODEL VALIDATION

A. Tile-level Validation

There are currently no SCD processors or large-scale sys-
tems based on them available that would allow for a direct
validation of modeling results. However, our analytical mod-
eling aligns with established and separately validated AI/ML
system exploration methodologies. At the cluster and node
levels, we base our models on Calculon, which has been
validated against real-world large-scale GPU systems [39].
In our framework, we replace Calculon’s GPU models at
lower accelerator and tile levels with GEMM models that
we hierarchically validated by comparing against established
open-source modeling tools [42], [41], [43].

At the tile level, our framework can leverage a roofline
throughput versus data transfer model or a systolic streaming
dataflow model. For validation, we set up micro-benchmarks
with GEMMs of different squared and non-squared dimen-
sions, yielding a diverse number of MAC operations and
memory accesses. The tile architecture consists of a 200 by
200 PE array with 20 MB of memory. We compare results
from our roofline and systolic models against closely matching
design configurations for Timeloop [42] and SCALE-Sim [41].
Timeloop maps matrix multiplication onto a flat PE array with
spatial and temporal tiling and models data movement through
on-chip global buffers and direct PE links. As such, we use
Timeloop as a comparison tool to validate our roofline model.
Our systolic model is an adaptation of SCALE-sim’s model,
making it a direct comparison point for fined-grained timing
effects and stalls that a systolic tile model predicts.

Figure 6 presents the latency and energy validation results of
our systolic and roofline tile models, compared to the station-

Fig. 6. Latency and energy validation of tile-level models.

Fig. 7. Latency validation of system-level model.

ary output data flow configurations in SCALE-Sim (S-S) and
optimally mapped GEMMs in Timeloop (TL), respectively,
for the same micro-benchmarks. Both existing tools report
latency in cycles. Hence, we convert them to time using our
target frequency. In the case of our systolic model, SCALE-
Sim does not directly report energy. Instead, a comparison
was performed against Accelergy-enhanced Timeloop [43].
Our validation results indicate that both of our models closely
track the modeling estimations of the respective existing tools.
However, we observe some outlier GEMM sizes, where our
roofline model exhibits a 7.8% average relative difference in
latency compared to Timeloop, while our systolic model shows
a 9.35% average relative difference against SCALE-Sim.

B. System-level Validation

To validate our framework’s ability to predict large-scale
system performance, we compare our model against the Selene
A100-based supercomputer used to validate Calculon [39]. We
mimic the setup in [39] using several LLM training configu-
rations (22B to 1T parameters). We created a configuration to
match A100 specifications, abstracting the GPU architecture
into an equivalent peak-throughput (312 TFLOPs) systolic
architecture (Table IV). However, unlike peak roofline models,
our model accounts for systolic penalties such as pipeline
fill/drain latencies and tiling overheads for irregular matrix
shapes.

As shown in Fig 7, our model yields conservative batch
latency estimates, with Model Flops utilization (MFU) ranging
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TABLE IV
A100 CONFIGURATION FOR SYSTEM VALIDATION.

System config.
(Accel., Interconn.)

Accelerator config.
(Compute, DRAM)

Tile config.
(Compute, SRAM) Freq.

Nx8∗@350GBps 1 tile, 80GB@2TBps 333x333, 40MB@4.8TBs 1.41Ghz
∗N scales with LLM size following [39].

from 23% to 45%, where performance degradations are caused
by temporal tiling and small K-dimensions in attention layers.
Overall, our approach tracks performance trends, demonstrat-
ing the ability of our framework to provide realistic projections
for our hierarchical systems based on well-established accel-
eration principles.

VI. PERFORMANCE AND ENERGY EXPLORATION

We evaluate the performance and energy efficiency of an
SCD system in comparison to multiple CMOS and cryo-
CMOS-based systems for LLM inference and training work-
loads. Table V shows the detailed specifications of six systems
evaluated in this paper. For CMOS-based architectures, we in-
clude H100 and TPUv4 clusters as representative state-of-the-
art production systems that are widely-adopted accelerators
in datacenters. These systems are organized in clusters with 8
accelerators per node, connected by NVlink (H100) and optical
interconnects (TPUv4) within nodes, and InfiniBand (50 Gbps)
for inter-node communication. For cryogenic implementations,
we consider hierarchical cryo-CMOS systems similar to the
SCD system. Two variations in cryo-CMOS technology are
included: an energy-optimized (-E) variant and a performance-
optimized (-P) variant of the 77K CMOS. They differ in their
operating voltage, resulting in a tradeoff between energy and
operation frequency. In addition, we evaluate a hierarchical
2.5D/3D room-temperature (300K) CMOS system that closely
follows the SCD and cryo-CMOS systems, assuming 3D stack-
ing of two layers. All systems are scaled and normalized to
iso-area constraints, i.e. to have approximately the same total
die area to ensure fair comparisons. All energy evaluations
include cooling costs assuming 22W/W and 325W/W cooling
efficiency for cryo-CMOS and SCD systems, respectively. We
select GPT3-13B, GPT3-175B, Gopher-280B, and Megatron-
1T as representative LLM workloads with 13 billion to 1
trillion parameters. We use a fixed batch size of 1024 for both
training and inference.

Through our experiments, we aim to answer the following
questions presented in Section I:

Q1: What level of performance and energy efficiency re-
mains in SCD systems after accounting for cooling and
technology-derived architectural overheads, and how do
system-level results compare to state-of-art CMOS sys-
tems and other cryogenic-based technologies?

Q2: Under what conditions do SCD technologies offer tangi-
ble benefits and how would the benefit be impacted under
less optimistic SCD technology assumptions?

Q3: How do the implications of SCD technology translate to
architectural design choices and, in turn, to application-
level decisions?

A. Q1: System-wise Benefits of SCD

We model the iso-area performance and energy consumption
of LLM workloads across all six systems. For H100, we make
use of Calculon’s H100 model based on peak throughput and
power. We create a similar model configuration in Calculon
for the TPUv4. All other systems are modeled using the
framework from Section IV. For all systems, the reported
latency corresponds to the wall-clock time for one training or
inference step processing a single batch, including one forward
pass, backward pass, and gradient synchronization for training,
or the total time to process one batch through all transformer
layers for inference. We characterize the latency and energy
breakdown to show insights on where benefits and bottlenecks
originate.

Figure 8 highlights end-to-end LLM inference and training
comparisons across H100, TPUv4, CMOS, cryo-CMOS, and
SCD-based large-scale systems. For LLM inference work-
loads, we observe that SCD systems, based on the geometric
mean across 4 LLM models, achieve 4.0×, 10.1×, 8.3× and
3.7× lower latency, and 33×, 108×, 9×, 55× and 195× better
energy efficiency compared to iso-area H100, TPUv4, CMOS,
and cryo-CMOS energy and performance-optimized systems,
respectively. Similarly, for LLM training, SCD achieves 6.6×,
16.0×, 8.5×, 4.8× and 4.4× lower end-to-end latencies, and
50×, 141×, 14×, 81× and 286× better energy efficiency com-
pared to the same systems. At the same time, our SCD system
yields only a 16% total MFU for Megatron-1T compared to
around 50% for the H100, reflecting a higher difficulty to feed
an SCD system.

Takeaway 1: SCD systems achieve significant performance
and energy efficiency improvements compared to room-
temperature and cryo-CMOS systems, even with not-as-dense
technology nodes and 325W/W cooling costs.

Figure 9(a) shows a breakdown of batch inference latency
for GPT3-175B across multiple systems for batch sizes rang-
ing from 64 to 1024. The latency breakdown considers six
components: compute time, memory overhead, PP bubble
overhead, and TP, PP, and DP communication overheads.
Across all batch sizes, the SCD system achieves the lowest
total batch latency. The compute time reduction stems directly
from the SCD system’s superior total compute capability
(9,830 PFLOPs) compared to the H100 (760 PFLOPs), TPU
(281 PFLOPs), CMOS (4,297 PFLOPS), and Cryo-E (4,297
PFLOPs). Equally significant is the impact of superconducting
interconnects, which offer substantially higher bandwidth and
lower latency than NVLink (H100) and optical (TPUv4),
significantly reducing TP and PP communication overheads.
In the H100 and TPUv4 systems, these communication costs
constitute a non-trivial fraction of total execution time and
become proportionally more dominant at smaller batch sizes
as less computation is available to amortize the transfer
latency. By contrast, the SCD system maintains consistently
low communication overhead across all evaluated batch sizes.

Takeaway 2: Performance benefits of SCD systems mainly
come from the significantly improved compute capability and
interconnect bandwidth.
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TABLE V
SPECIFICATIONS OF SYSTEMS FOR COMPARISON WITH ROUGHLY EQUAL TOTAL AREA (ACCELERATOR COUNT × DIE AREA).

System System config.
(Accel., Interconn.)

Accelerator configuration
(Compute, DRAM)

Tile configuration
(Compute, SRAM/JSRAM)

Tech.
node

System total
area

3D
layers Frequency PFLOPs

H100 96x8 @ 450 Gbps 114 SMs, 80GB @ 3.4 TBps 4 TC, 50MB 4nm 96 x 8 x 814 mm2 - 1.83 GHz 760
TPUv4 128x8 @ 400 GBps 2 TCs, 32GB @ 1.2 TBps 4 128x128, 128MB 7nm 128 x 8 x 600 mm2 - 1.05 GHz 281

CMOS 300K 64 @ 900 Gbps 64 tiles, 1024GB @ 3.4 TBps 512x512, 256MB @ 9.68 TBps 7nm 64 x 64 x 144 mm2 2 4 GHz 4,297
CMOS 77K-E 64 @ 1080 GBps 64 tiles, 1024GB @ 3.4 TBps 512x512, 256MB @ 9.68 TBps 7nm 64 x 64 x 144 mm2 2 4 GHz 4,297
CMOS 77K-P 64 @ 1080 GBps 64 tiles, 1024GB @ 3.4 TBps 512x512, 256MB @ 9.68 TBps 7nm 64 x 64 x 144 mm2 2 5.6 Ghz 6,013

SCD 4K 64 @ 1048 TBps 64 tiles, 1024GB @ 30 TBps 2x200x200, 16MB @ 73.34 TBps 28nm 64 x 64 x 144 mm2 6 30 GHz 9,830

SM-Streaming Multiprocessor, TC-Tensor Core.

Fig. 8. Comparison of LLM training and inference energy and latency across different hardware systems. All values are normalized to H100 systems.

Fig. 9. End-to-end inference breakdown: (a) latency for GPT-3-175B
across different hardware systems (b) energy breakdown of GPT-3-175B and
Megatron-1T on SCD System.

Figure 9(b) shows the energy breakdown of LLM workloads
on the SCD system. The energy of the 4K-77K interface
is the biggest overhead as each DRAM access needs to go
through such signal conversion. The energy of the interconnect
is negligible due to resistance-free SCD wires. Even with
those overheads, the total energy of SCD is still far better
than other systems due to orders-of-magnitude lower compute
energy (14fJ for SCD PEs vs. pJ-level for CMOS PEs).

Takeaway 3: Energy savings mainly come from ultra-efficient
SCD PE operations and zero-energy data movements.

B. Q2: Impacts of SCD Matureness

We conduct ablation studies of SCD features to model their
performance degradations, and figure out the critical features
of SCD to boost system-wise performance, and thereby gain
insight into the contributions of individual technology charac-
teristics in SCD and more specifically PCL-based technology.
The ablation study evaluates the performance and energy im-
pacts when specific aspects of SCD technology are constrained
or modified. The scenarios considered include a sweep of (1)
4K and 77K cooling factors, (2) logic and memory density,
(3) operational clock frequencies, and (4) JSRAM bandwidth.

Figure 10 shows normalized energy and latency for LLM
training (left) and inference (right). As part of our findings,
we observe degradation of energy efficiency across all ablation
scenarios and performance across all scenarios except for the
cooling factor. In terms of energy, although all SCD systems
achieve higher energy efficiency than the H100 system, an
SCD system with lower memory bandwidth shows the highest
sensitivity and largest energy degradation, followed by cooling
factor, density, frequency operation, and number of 3D stacked
layers. The highest impact on energy is attributed to static en-
ergy caused by increased latency. Interface energy is increased
in the lower density scenario as SRAM capacity becomes
lower, causing degradation in data locality and increased
DRAM accesses crossing 4K and 77K temperature domains.

Similarly, in terms of latency, all scenarios suffer latency
degradation where the SCD systems with lower SRAM band-
width perform worse than the H100 system. This confirms
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Fig. 10. SCD system ablation study for LLM training (left) and inference (right). Labels above each point represent the degree of parallelism (tensor parallelism
(tp), pipeline parallelism (pp), data parallelism (dp)) used by the configuration.

on-chip SRAM technology as a critical factor for SCD system
scaling. Based on our observations of the compute vs. mem-
ory time breakdown, performance degradations are otherwise
mainly caused by significantly increased on-chip compute
time, as lower density, lower frequency and lower SRAM
bandwidth can all reduce compute throughput.

Takeaway 4: Density, frequency and SRAM bandwidth all
have essential contributions to SCD performance and energy
efficiency. Of these, high-bandwidth JSRAM memory is key to
achieving better performance than CMOS systems.

We further study the impact of our ablation configurations
on application-level decisions. As part of our LLM modeling,
we exhaustively searched for the optimal parallelism strategy.
The normalized latency plot in Figure 10 labels the optimal
parallelism strategy for each configuration and model com-
bination. The SCD baseline system takes advantage of the
high frequency operation and a large number of compute
elements and trades recompute of activation layers for a lower
memory footprint. In larger models such as Megatron-1T, the
SCD system favors a large pp degree (16). A large pipeline
parallelism degree allows partitioning of very large models to
further reduce memory requirements.

Takeaway 5: SCD takes advantage of activation recompute
to reduce the activation memory footprint and enable higher
degrees of pipeline parallelism. If frequency or SRAM band-
width is reduced the SCD system cannot take advantage of
recompute.

C. Q3: SCD Impacts on Architectural Design

We explore the SCD system design space of (1) PE area
ratio, (2) accelerator size and (3) total DRAM capacity for
GPT3-175B inference to address how SCD technology impacts
the architectural and system design space. The batch size is
1024 in all cases. Other parameters including total die area and
total DRAM bandwidth are kept constant across the design
space, as the outcome of varying those is trivial.
PE area ratio indicates the ratio of total area dedicated to
PEs in an accelerator stack, where the remaining area is used
for JSRAM. We sweep 20%, 40% and 80%, ratios to explore
the best SCD chip configuration. Tuning the PE area ratio
explores the tradeoff between PE and SRAM area, and in turn
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Fig. 11. Impact of SCD architectural parameters on energy and latency.

peak throughput vs. data locality. As shown in Figure 11, SCD
systems with larger PE area ratios have less compute time,
but can increase memory overhead as smaller JSRAM locality
indicates more DRAM accesses. Increasing PE area ratio also
increases the 4K-77K interface energy, as all DRAM accesses
have to cross the interface. The overall best performance and
energy is achieved at a PE area ratio of 40%.

Takeaway 6: A large PE-to-SRAM ratio hurts locality and
energy, while a small ratio degrades performance; an optimal
ratio balances both.

Accelerator size indicates the number of chips in each ac-
celerator blade. We sweep accelerator sizes of 64, 16 and
4 to explore the best hierarchical SCD configuration. These
correspond to 64, 256, 1024 accelerators in the system as
we keep the same total area and compute power. We also
scale DRAM bandwidth and capacity per accelerator linearly,
but keep the total DRAM bandwidth and capacity unchanged.
By sweeping accelerator size we explore the tradeoff between
local and cross-accelerator communication. As shown in Fig-
ure 11, larger accelerators (64 chips) allow for more local
communications and show zero bubble and communication
overheads, while smaller accelerator configurations have to
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additionally explore pipeline and tensor parallelism to map the
workload to all accelerators, which adds additional overheads.
Smaller accelerators (larger accelerator meshes) also increase
the Cannon-GEMM phase, leading to increased DRAM data
accesses, which significantly harm both latency and energy.
The overall best configuration is 64 chips per blade.

Takeaway 7: SCD systems perform better when scaling up
than scaling out, as locality is critical to both performance
and energy efficiency.

Total DRAM capacity indicates the system-wide cryo-
DRAM capacity across all accelerators. We sweep 3 DRAM
capacities–16TB, 32TB, 64TB–to explore the tradeoff between
DRAM performance and energy. In Figure 11, a larger total
DRAM capacity slightly reduces latency as it allows more
data parallelism instead of pipeline parallelism, which imposes
bubble and communication overheads. It also slightly increase
the static energy as larger cryo-DRAM needs more cooling
power.

Takeaway 8: DRAM size does not have a significant impact
on performance or energy, therefore can be determined based
on workload sizes.

VII. DISCUSSION

In the following, we discuss the open challenges and po-
tential roadblocks for the future adoption of SCD.
SCD fabrication: PCL makes use of CMOS fabrication
methods. The fabrication of PCL building blocks has been
demonstrated using NbTiN interconnects, NbTiN/α Si/NbTiN
Josephson junctions (JJs), and NbTiN/HZO/NbTiN tunable
Metal-Insulator-Metal (MIM) capacitors on standard 300mm
wafers [44]. The fabrication process is compatible with stan-
dard CMOS BEOL technology. Nevertheless, the yield and
reliability of such technology including 3D stacking under
thermal-mechanical stresses remains an open question.
Technology assumptions: For the underlying physical device-
and circuit-level models, we acknowledge that the SCD tech-
nology characterization numbers used in our experiments are
based on our best available knowledge (Section III). The
projected performance and energy advantages are therefore
conditional on realizing these assumed characteristics in prac-
tical implementations.
Large-scale integration: Smaller microarchitectural units
have been demonstrated, including ALUs [45] with RSFQ
operating at 50GHz. Processors with 23,713 JJs [6] have
been fabricated in a 1 um process demonstrating 32GHz op-
erating frequencies. A 2-by-2 systolic array at 52.6GHz was
fabricated [7]. However, no larger-scale processor have been
demonstrated due to DC bias current delivery. PCL technology,
with AC bias current, has the potential to compete with
conventional CMOS at scale [11], but large-scale integration
remains under active investigation. The ISO-area assumption
used throughout our evaluation should be interpreted as a
research baseline for comparing technology and architectural
trends under a common area budget. Real-world cost, manu-
facturability, packaging yield, and reliability may change the
relative advantage of the evaluated systems.

Cryocooling: While modern 4K cryocoolers can handle tens
to hundreds of Watts of power with higher cooling efficiency
at larger scales, limited fridge volume requires tight packaging
to achieve the full cooling efficiency in a single refrigerator.
Therefore, 3D stacking of PE/JSRAM layers and network
stacks with TSVs across interposers are necessary to leverage
packaging density. Unlike conventional CMOS, where high
packaging density can lead to heat dissipation problems,
SCD’s extremely low energy consumption allows such packag-
ing without heat dissipation issues. However, aforementioned
3D stacking technology and reliability questions remain.
Workloads: Due to the need to amortize the cooling cost,
SCD makes the most sense for relatively large-scale and
computationally intensive applications, such as LLMs. LLM
behavior depends on the execution phase and configuration:
training is generally more compute-intensive than inference.
SCD is generally not efficient for memory- or communication-
heavy applications due to limited on-chip memory densities.
Therefore, applications like graph analytics or databases may
benefit less. Additionally, our framework currently models
attention operations as individual GEMMs rather than fused
kernels such as FlashAttention. Incorporating such optimiza-
tions, along with their interaction with the SCD memory
hierarchy, is an important direction for future work.

VIII. SUMMARY AND CONCLUSIONS

In this paper, to the best of our knowledge, we are the first
to systematically study the performance and energy efficiency
impact of state-of-the-art SCD technology on large scale su-
percomputing systems. We introduce a hierarchical framework
for modeling data-center-scale superconducting systems and
perform extensive design space exploration and technology
ablation studies for emerging workloads such as LLM training
and inference. Our results demonstrate that compared to H100,
TPUv4, and cryo-CMOS systems scaled to the same total
area, the SCD system shows significant speedup and energy
efficiency improvements of 4-16× and 14-286× on LLM
training, and 4-10× and 9-195× on inference, respectively.
These results confirm the potential to build future supercom-
puting systems in SCD technology. Furthermore, our ablation
studies show that the integration density and availability of
on-chip superconducting JSRAM enabled by recent advances
in SCD technology are essential for system performance. In
future work, we plan to extend our studies by augmenting
our modeling framework with semi-analytical and simulation-
based components to increase accuracy and account for more
complex and dynamic architectures and workload effects.
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