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Abstract—A growing class of space-based signal processing
applications—including radar imaging, hyperspectral analysis,
and real-time optical control—demands computational capabili-
ties far exceeding radiation-hardened processor performance, yet
power constraints prohibit deploying datacenter-class hardware
in orbit. We present two memory-centric accelerator architec-
tures designed to bridge this gap. Using high-order wavefront
sensing and control (HOWFSC) for the Habitable Worlds Ob-
servatory as a case study, we demonstrate that these work-
loads exhibit extremely low operational intensity, making mem-
ory bandwidth—not compute throughput—the limiting factor.
We propose an HBM-based process-near-memory architecture
achieving 100 Hz HOWFSC operation at 928 W, and a distributed
SRAM architecture reaching the same performance at just
90 W—a 33x reduction compared to GPU-based alternatives.
Combined with reduced-precision storage of J and M, the SRAM
design reaches 51 W (59 reduction), reducing co-flying satellite
mass from 1110 kg to 193 kg and saving over $430M across a 25-
year mission. These memory-centric design principles generalize
beyond HOWFSC to the broader class of matrix-dominated space
signal processing workloads.

Index Terms—space computing, custom accelerators, memory-
centric architecture, high-bandwidth memory, SRAM, wavefront
control

I. INTRODUCTION

A growing class of space-based signal processing ap-
plications demands computational capabilities that exceed
radiation-hardened processor performance by orders of mag-
nitude. These workloads—spanning synthetic aperture radar
processing, hyperspectral image analysis, on-board machine
learning inference, and real-time optical control—share a com-
mon computational signature: they are dominated by dense
matrix operations with extremely low arithmetic intensity. The
fundamental bottleneck is not floating-point throughput but
rather the rate at which data can be streamed from memory to
compute units.

This insight has profound implications for accelerator de-
sign in space. Commercial GPUs, optimized for compute-
intensive Al workloads, provision enormous arithmetic capa-
bility that sits idle when executing memory-bound kernels. The
resulting power consumption—often exceeding a kilowatt—
is impractical for spacecraft thermal and power budgets.

Radiation-hardened processors offer reliability but deliver per-
formance several orders of magnitude below requirements.
Ground-in-the-loop architectures remove compute constraints
but introduce latencies of 10s or more from deep space [1].

We propose a fourth path: custom accelerators designed
from first principles around the memory access patterns of
space signal processing. Rather than adapting general-purpose
architectures, we architect systems where compute capability
precisely matches memory bandwidth, eliminating wasted
silicon area and power consumption.

To ground this architectural exploration, we adopt high-
order wavefront sensing and control (HOWFSC) for the
Habitable Worlds Observatory (HWO) as a detailed case
study. HOWFSC represents an extreme point in the design
space: maintaining coronagraph contrast at 107!0 requires
control rates potentially exceeding 100Hz [2], streaming
100+ GB matrices through compute units every iteration. As
shown in Figure 1, operating at the optimal control cadence
yields orders-of-magnitude better contrast than what ground-
in-the-loop or radiation-hardened processors can achieve—
motivating the custom accelerator architectures developed in
this paper. The architectural solutions we develop for this
demanding application generalize to the broader class of
memory-bound space signal processing workloads.

This paper makes the following contributions:

o A roofline-based characterization demonstrating that rep-
resentative space signal processing workloads exhibit
operational intensities far below the compute-memory
balance point of modern processors

o« An HBM-based process-near-memory architecture that
reduces power consumption by 3x compared to GPU
solutions while maintaining equivalent performance

o A distributed SRAM architecture achieving 33x power
reduction through elimination of off-chip memory access,
extending to 59x with reduced-precision storage

o A system-level cost analysis quantifying spacecraft mass
and mission cost implications

o A comparative analysis of architectural tradeoffs includ-
ing power scaling, radiation tolerance, and integration
considerations
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Fig. 1. Impact of wavefront sensing cadence on achievable contrast for
LUVOIR-class telescopes, adapted from Pueyo et al. [2]. The optimal cadence
(0.1-1 s) is orders of magnitude faster than ground-in-the-loop (GITL) or
radiation-hardened processor (BAE5545 [3]) capabilities, motivating co-flying
custom accelerators.

Related work. Pogorelyuk et al. [1] characterized the com-
putational complexity of HOWFSC and identified the memory
bandwidth bottleneck, concluding that radiation-hardened pro-
cessors fall orders of magnitude short of requirements; Belsten
et al. [4], [5] further evaluated HOWFSC on embedded and
space-relevant hardware. Denby and Lucia [6], [7] introduced
orbital edge computing, demonstrating that nanosatellite con-
stellations can process remotely sensed data on-orbit rather
than downlinking to ground stations; Bleier et al. [8], [9]
proposed space microdatacenters—dedicated computational
satellites for in-space processing—and developed system-
level sizing models for co-flying compute platforms. Process-
near-memory and process-in-memory architectures have been
explored commercially through Samsung’s HBM-PIM [10]
and academically through various DRAM-logic integration
proposals, but these target Al inference workloads with higher
operational intensity than HOWFSC. Algorithm-based fault
tolerance for matrix operations was introduced by Huang and
Abraham [11]; a companion study [12] extends ABFT to the
ill-conditioned matrices arising in HOWFSC and demonstrates
that reduced-precision storage can significantly shrink the
memory footprint without compromising control accuracy.
Our work bridges these threads by co-designing the memory
architecture, compute datapath, and fault tolerance strategy for
the specific demands of space signal processing.

II. Co-FLYING COMPUTE ARCHITECTURE

Before examining specific accelerator designs, we first
address a fundamental architectural question: where should
the computation physically reside? Three options exist for

missions operating at the Sun-Earth L2 point: onboard the
primary spacecraft, on Earth via ground-in-the-loop (GITL),
or on a dedicated co-flying compute satellite.

A. The Case Against Onboard Processing

Radiation-hardened processors suitable for flagship ob-
servatory integration deliver performance three to five or-
ders of magnitude below HOWFSC requirements. The BAE
RADS5545, representative of current space-qualified hardware,
achieves approximately 1.6 GFLOP/s [1], [3]. Even with ag-
gressive parallelization across multiple processors, the power
and thermal burden of deploying sufficient compute capabil-
ity directly on the telescope would compromise instrument
stability—the very problem HOWFSC aims to solve.

B. The Case Against Ground-in-the-Loop

GITL processing eliminates spacecraft compute constraints
entirely but introduces insurmountable latency limitations. The
round-trip light time from Earth to L2 exceeds 10, establish-
ing a hard floor on control loop period regardless of ground
compute capability or link bandwidth. For HOWFSC targeting
100 Hz operation, GITL is fundamentally incompatible with
mission requirements.

The Nancy Grace Roman Space Telescope will demonstrate
GITL coronagraph operation, but at contrast levels (10~%)
and control rates (sub-Hz) far below HWO requirements [13].
Scaling GITL to HWO parameters is not feasible.

C. Co-Flying Compute Satellites

A dedicated compute satellite co-located at L2 resolves both
constraints [8], [9]. The concept of offloading computation
to co-located spacecraft extends the orbital edge computing
paradigm [6], [7] from LEO Earth observation to deep-space
science missions. Proximity to the telescope—separations of
100km or less—reduces round-trip latency to under 1ms,
enabling control frequencies limited only by compute through-
put and inter-satellite link bandwidth. Meanwhile, physical
separation from the primary observatory allows deployment
of high-performance hardware without thermal or electromag-
netic interference concerns.

Modern free-space optical links readily achieve 25 Gbit/s
at these distances [14]. A brief link budget confirms this is
sufficient: each HOWFSC iteration transfers a 206 kB detector
image to the compute satellite and receives 206 kB of DM
commands (25,736 actuators x 64 bits), totaling 412kB
per iteration or 330 Mbit/s at 100 Hz—Iless than 2% of the
25 Gbit/s link capacity. Round-trip propagation latency at
100km separation is 0.67 ms, consuming only 7% of the
10ms control period. The compute satellite can be designed
around radiation-tolerant rather than radiation-hardened com-
ponents, accepting higher upset rates in exchange for dramat-
ically improved performance, with the understanding that the
satellite is replaceable over the multi-decade mission lifetime.

This architectural approach motivates our focus on power-
efficient accelerator designs: every watt saved in the compute
subsystem translates directly to reduced satellite mass, simpli-
fied thermal management, and lower mission cost.



ITI. WORKLOAD CHARACTERIZATION

We characterize the computational requirements of memory-
bound space signal processing using high-order wavefront
sensing and control (HOWFSC) as a representative applica-
tion. HOWFSC maintains coronagraph dark zones by estimat-
ing focal-plane electric fields and computing deformable mir-
ror corrections through dense linear algebra operations [15]—
[17].

A. Dominant Computational Kernels

The HOWEFSC pipeline consists of three primary com-
putational stages, each dominated by dense linear algebra
operations that reduce to general matrix-vector multiplication
(GEMV) as the fundamental kernel.

Electric Field Estimation converts focal-plane detector
measurements into estimates of the complex electric field. Two
approaches dominate: pairwise probing (PWP) and extended
Kalman filtering (EKF). PWP applies known deformable mir-
ror probe patterns and solves a small regularized least-squares
problem independently for each pixel:

E=MHTH + u1)~'HT§ (1)

where & contains difference measurements between positive
and negative probes. EKF maintains running state estimates
updated each iteration via Kalman gain computation, requiring
access to the full Jacobian matrix J to propagate control
perturbations.

Control Computation determines corrective deformable
mirror commands given the estimated electric field. Electric
field conjugation (EFC) with precomputed matrix M com-
putes:

Au=-MIJTE (2)

where M = (J7J + aI)~! can be precomputed since the
Jacobian and regularization parameter evolve slowly compared
to the control rate.

Jacobian Application propagates the previous iteration’s
control command through the optical model to predict the
induced electric field change, enabling the EKF state update.
This requires computing JAu, another GEMV operation.

Each HOWFSC iteration thus follows a three-phase control
loop: (1) capture a focal-plane image and estimate the residual
electric field (PWP or EKF), (2) compute corrective DM
commands via EFC (Au = —MJ”E), and (3) apply the
Jacobian to predict the field change for the next iteration’s state
update (JAu). Phases (2) and (3) are each a single GEMV
against a precomputed matrix and dominate runtime by 2-3
orders of magnitude over all other operations [1]. The Jacobian
J and matrix M evolve slowly relative to the control rate
and can be updated on timescales of minutes to hours using
the general-purpose processor, while the per-iteration GEMV's
must execute at cadences of tens to hundreds of hertz.

For a LUVOIR-class coronagraph with 25,736 active actua-
tors, 51,316 active pixels, and 5 spectral channels, the Jacobian
matrix requires 106 GB of storage in double precision [1]. The
precomputed matrix M adds another 5.3 GB. Each control

TABLE I

OPERATIONAL INTENSITY OF HOWFSC KERNELS IN DOUBLE PRECISION

Kernel

Op. Intensity

Regime

Pairwise Probing
EKF State Update

0.33 FLOP/byte
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Fig. 2. Roofline analysis showing HOWFSC kernels on an NVIDIA H100
GPU using FP32 (H100 HBM capacity is insufficient for double precision
Jacobian). Despite 67 TFLOPS of peak throughput, effective performance is
limited by memory bandwidth to below 5 TFLOPS for these low-intensity
workloads.

iteration must stream these matrices through the compute
units, fundamentally limiting achievable frequency to memory
bandwidth rather than arithmetic throughput.

B. Operational Intensity Analysis

Operational intensity—the ratio of floating-point operations
to bytes transferred from memory—determines whether a
workload is compute-bound or memory-bound on a given
architecture. For GEMV with an M x N matrix, the operation
count is 2M N floating-point operations while the memory
traffic is (M N + M + N) bytes in double precision, yielding
an operational intensity of approximately 0.25 FLOP/byte.

Table I summarizes the operational intensity of key
HOWEFSC kernels. All values fall well below the compute-
memory balance point of modern processors, which typically
ranges from 10-100 FLOP/byte for high-performance GPUs
and CPUs.

C. Roofline Analysis

The roofline model provides a visual framework for un-
derstanding the performance ceiling of memory-bound work-
loads [18]. Figure 2 maps the HOWFSC kernels onto the
roofline for several hardware platforms. All kernels fall deep
within the memory-bound region, indicating that achievable
performance scales linearly with memory bandwidth regard-
less of peak compute capability.



TABLE II
MEMORY TECHNOLOGY COMPARISON

Technology Bandwidth  Density Energy
DDRS DRAM Moderate High Moderate
HBM3e Very High High Higher
SRAM Highest Low Lowest

This analysis reveals a fundamental mismatch between
modern accelerator architectures and space signal processing
requirements. GPUs provision enormous compute capability
that remains idle during GEMV execution, while the mem-
ory subsystem—designed for workloads with significant data
reuse—becomes the sole performance limiter.

IV. DESIGN SPACE EXPLORATION

Given that memory bandwidth dominates performance, ac-
celerator design for space signal processing becomes primarily
a memory system architecture problem. We explore the trade-
offs across memory technologies to identify promising design
points.

A. Memory Technology Landscape

Table II summarizes the key characteristics of candidate
memory technologies. Each presents distinct tradeoffs between
bandwidth, capacity, energy efficiency, and radiation tolerance.

High Bandwidth Memory (HBM) achieves exceptional
bandwidth through 3D stacking and wide interfaces, with
current HBM3e devices delivering over 1 TB/s per stack [19].
The primary limitations are elevated power consumption
(20 W per stack) and sensitivity to radiation-induced errors
in the stacked DRAM dies.

Static RAM (SRAM) offers the lowest access energy and
highest bandwidth per bit but at significantly reduced density
compared to DRAM [20]. Modern SRAM at 2nm achieves
approximately 38 Mbit/mm?, requiring substantial die area to
store large matrices. However, SRAM can be fabricated with
radiation-hardened cell designs and integrated directly with
compute logic.

Emerging memories including ReRAM and MRAM offer
intrinsic radiation tolerance through their non-volatile storage
mechanisms, but current density and bandwidth limitations
preclude their use as primary storage for large-scale signal
processing [21], [22].

B. Architectural Design Principles

Our analysis motivates several key design principles for
memory-centric space accelerators:

Match compute to bandwidth. Rather than provisioning
excess compute capability, size the arithmetic units to exactly
consume the available memory bandwidth at the target oper-
ational intensity. This eliminates wasted area and power from
idle compute resources.

Minimize data movement. Every byte transferred con-
sumes energy proportional to the distance traveled. Process-
near-memory and process-in-memory architectures reduce this
overhead by placing compute adjacent to storage.

® ® ®

Fig. 3. Parallel GEMV decomposition. The matrix is partitioned by rows
across processing elements. (1) Input vector broadcast. (2) Independent local
GEMV. (3) Partial result gather.

Exploit parallelism through distribution. GEMV admits
efficient parallel decomposition by partitioning the matrix
across multiple memory-compute units, with only the input
vector broadcast and output vector reduction requiring inter-
unit communication.

Design for the memory hierarchy. The 110+ GB matrix
storage requirement exceeds on-chip SRAM capacity for any
practical single die. Architectures must either accept off-chip
memory access (HBM) or distribute storage across multiple
chiplets (SRAM).

C. Parallel GEMV Execution

GEMV operations admit efficient parallel decomposition
that scales to arbitrary processor counts with minimal com-
munication overhead. The key insight is that matrix-vector
multiplication can be partitioned by rows: each processing
element stores a horizontal slice of the matrix and computes
the corresponding elements of the output vector independently.

For N processing elements executing GEMV with matrix
A and input vector x (illustrated in Figure 3):

1) Broadcast: The input vector x is distributed to all
processors

2) Compute: Each processor i computes y; = A;x for its
local partition A;

3) Gather: Partial results are collected to form the com-
plete output vector

The communication cost is dominated by the broadcast
phase, which transfers O (M) elements where M is the vector
dimension. The gather phase transfers only O(M/N) elements
per processor. Since the matrix dimensions vastly exceed the
vector dimensions in HOWFSC (millions of matrix elements
vs. tens of thousands of vector elements), communication
represents a negligible fraction of total execution time.

A hierarchical tree (H-tree) network topology enables effi-
cient broadcast and gather operations. For a degree-d tree con-
necting N processors, broadcast latency scales as O(log, N)
while per-link bandwidth requirements remain modest. Analy-
sis shows that for 128 processors operating at 100 Hz, point-to-
point bandwidth requirements are approximately 31 GB/s—
well within the capability of modern chip-to-chip intercon-
nects [23].



This favorable scaling behavior motivates distributed archi-
tectures where memory capacity and bandwidth are partitioned
across multiple chiplets or memory stacks, with the intercon-
nect fabric sized to support the relatively lightweight vector
traffic.

V. HBM-BASED ARCHITECTURE

Our first accelerator design leverages HBM to provide the
memory bandwidth necessary for 100 Hz HOWFSC operation.
The architecture prioritizes minimizing engineering complex-
ity by building on commercially available memory technology.

A. System Organization

The HBM architecture consists of multiple HBM3e stacks
connected to a custom compute die containing double-
precision multiply-accumulate (MAC) units. The compute die
is sized to exactly balance the aggregate memory bandwidth
of the attached HBM stacks, avoiding the over-provisioning
characteristic of GPUs.

At 100 Hz operation with the LUVOIR-A parameter set, the
minimum required memory bandwidth is:

BW =100 x 111 GB = 11.1 TB/s 3)

With HBM3e stacks providing 1.125 TB/s each [19], ap-
proximately 10 stacks would theoretically suffice. However,
physical interface constraints, communication and processing
latencies, and the need to partition data across stacks motivate
a design with 27 HBM stacks, providing comfortable band-
width margin and enabling efficient parallel access.

B. Compute Organization

The compute die implements approximately 7,400 double-
precision MAC units operating at 500 MHz. These units are
organized into clusters, with each cluster serving a subset of
HBM stacks. The precomputed matrices are striped across all
HBM stacks, and each compute cluster performs its portion
of the GEMV independently.

The input vector is broadcast to all clusters through a
hierarchical distribution network. Partial results are gathered
and reduced to produce the final output vector. This com-
munication overhead is minimal compared to the GEMV
computation itself, as the vectors are orders of magnitude
smaller than the matrices.

C. Power Analysis

Table III breaks down the power consumption of the HBM
architecture. Memory access dominates, consuming over 70%
of total power. The compute units themselves contribute mod-
estly due to the small number required to match the memory-
limited throughput.

A radiation-tolerant general-purpose processor (Teledyne
LX2160A Space) [24] handles non-GEMYV operations includ-
ing EKF state updates, dither generation, and system control.
These operations are far less demanding and execute efficiently
on conventional processors.

TABLE III
HBM ARCHITECTURE POWER BREAKDOWN

Component Power
HBM Stacks (27 x) 804 W
HBM PHY Interfaces 58 W
Compute (7,400 MACs) 11W
Interconnect 8W

Control + Misc 25 W
LX2160A Processor 25 W
Total 928 W
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Fig. 4. Distributed SRAM architecture with 56 chiplets arranged in a
hierarchical tree interconnect. Each chiplet contains SRAM storage and co-
located MAC units.

D. Comparison to GPU Baseline

The HBM architecture achieves equivalent 100 Hz perfor-
mance to a three-GPU cluster (NVIDIA B200 [25]) while
reducing power consumption from 3000 W to 928 W—a 3.2x
improvement. This reduction stems entirely from eliminating
unused compute capability; the memory subsystem power is
comparable between approaches.

VI. SRAM-BASED ARCHITECTURE

To further reduce power consumption, we explore a dis-
tributed SRAM architecture that eliminates off-chip memory
access entirely. While requiring significantly more silicon area,
this approach offers substantial energy efficiency advantages
and improved radiation tolerance.

A. Distributed Memory Organization

The SRAM architecture distributes the full 111 GB of
matrix storage across 56 custom chiplets, each containing ap-
proximately 2 GB of SRAM and co-located compute units. At
38 Mbit/mm? density, each chiplet requires roughly 425 mm?
of SRAM area—within the manufacturing limits of current
process technology.

The chiplets are connected through a hierarchical tree
network that supports efficient broadcast of input vectors and
gathering of partial results. Figure 4 illustrates the system
organization.

B. Compute Organization

Each chiplet contains 135 double-precision MAC units, for
a system total of 7,560 MACs. The per-chiplet compute capa-
bility is sized to exactly consume the SRAM read bandwidth,
maintaining the memory-centric design philosophy.



TABLE IV
SRAM ARCHITECTURE POWER BREAKDOWN

Component FP64 BFP-23
SRAM Dynamic 38W 14W
SRAM Leakage 11W 4W
Compute 11W 3W
Interconnect 5W 5W
LX2160A Processor 25W 25W
Total IOW 51W

Within each chiplet, SRAM banks are organized to enable
parallel read access, with the MAC units arranged in a dataflow
pattern that minimizes internal data movement. The matrix
partition stored on each chiplet remains stationary; only the
input and output vectors traverse the interconnect.

C. Power Analysis

Table IV presents the power breakdown for the SRAM
architecture. The dramatic reduction compared to HBM stems
from two factors: SRAM read energy is approximately 25x
lower than HBM per bit, and the elimination of off-chip
interfaces removes a significant power overhead.

SRAM leakage contributes a non-negligible baseline power
that is independent of operating frequency. At very low control
rates, this leakage dominates and the SRAM architecture
becomes less efficient than HBM. However, for the 100 Hz
target, dynamic power dominates and SRAM offers clear
advantages.

D. Area and Cost Considerations

The total SRAM area across all chiplets exceeds
23 000 mm>2—roughly equivalent to 20 large processor dies.
While this represents significant silicon cost, the expense
is modest compared to overall spacecraft development and
operation costs for flagship missions.

The distributed chiplet approach also offers advantages for
radiation tolerance. Individual chiplets can be fabricated with
radiation-hardened SRAM cells, and the system can poten-
tially continue operation with reduced capability if individual
chiplets fail.

VII. COMPARATIVE EVALUATION

We evaluate the proposed architectures against a GPU base-
line across multiple dimensions relevant to space deployment.

A. Power-Frequency Scaling

Figure 5 shows how each architecture scales across the
range of control frequencies relevant for HOWFSC. The GPU
baseline exhibits poor efficiency at low frequencies due to high
idle power, and requires multiple units to reach 100 Hz. Both
custom architectures scale more gracefully, with the SRAM
design maintaining low power across the full frequency range.

Power vs Frequency Comparison

Frequency

50 SRAM Solution
HBM Solution
0 GPU (B200)

0 2000 4000 6000 8000 10000
Power (W)

Fig. 5. Power consumption versus compute-limited control frequency for the
three architectures. Inter-satellite transfer latency is excluded; at 25 Gbit/s
and separations under 300 km, link overhead is negligible relative to compute
time. Custom designs achieve equivalent performance at dramatically lower
power.

TABLE V
ARCHITECTURE COMPARISON AT 100 Hz

Metric GPU HBM SRAM SRAM-BFP
Power 3000 W 928 W 90W 51W
Silicon Area Low Moderate High Moderate
Dev. Complexity Low Moderate High High
Rad. Tolerance Low Low Moderate Moderate

B. Architectural Tradeoffs

Table V summarizes the key tradeoffs between architectures.
The optimal choice depends on mission-specific constraints in-
cluding power budget, radiation environment, and development
timeline.

GPU baseline offers the fastest path to deployment through
commercial availability, but power consumption makes space-
craft integration extremely challenging. A 3 kW thermal
load requires substantial radiator area and constrains orbital
configurations.

HBM architecture provides a middle ground with manage-
able power consumption and moderate development complex-
ity. The primary concern is HBM’s sensitivity to radiation;
error-correcting codes and scrubbing can mitigate soft errors,
but the stacked die structure limits shielding options.

SRAM architecture offers the lowest power consumption
and the best path to radiation hardening, but requires the
largest silicon investment and most complex system integra-
tion. For flagship missions with long development timelines,
this approach may be most appropriate.

VIII. SYSTEM-LEVEL COST ANALYSIS

The power reduction achieved by custom architectures has
cascading effects throughout the satellite system, ultimately
determining mission feasibility and total cost.

A. Satellite Sizing Model

Spacecraft mass and cost scale super-linearly with payload
power requirements. Higher compute power demands larger



TABLE VI
SATELLITE COST SCALING WITH COMPUTE POWER

Architecture SRAM-BFP SRAM HBM GPU

Compute Power 51W IOW 928 W 3000 W
BOL Power 198 W 237TW  1400W 4418 W
Spacecraft Mass 193 kg 231kg 476 kg 1110kg
Unit Cost $32M $38M $65M $111IM

solar arrays, bigger batteries for eclipse operation, more mas-
sive thermal radiators, and structural reinforcement to support
these subsystems. Using parametric cost models validated
against historical small satellite missions [9], we estimate the
relationship between compute power provisioning and total
satellite cost.

Table VI presents satellite parameters for the four com-
pute architectures assuming a 3-year operational lifetime and
25 Gbit/s inter-satellite link capability.

Beginning-of-life (BOL) power exceeds compute power due
to housekeeping loads, communication systems, and efficiency
losses in power conversion. The non-linear relationship be-
tween power and mass reflects the compounding nature of
spacecraft subsystem sizing.

B. Mission Lifetime Cost

Over HWO'’s projected 25-year operational lifetime, mul-
tiple compute satellite replacements will be required due to
radiation degradation and component aging. Assuming 3-year
satellite lifetimes, approximately 9 units must be manufactured
and launched over the mission duration.

Total mission cost including non-recurring engineering
(NRE) and recurring unit costs:

o SRAM-BFP: $170M total ($17M NRE + 9x$17M units)

o SRAM: $203M total ($17M NRE + 9x$21M units)

o HBM: $357M total ($29M NRE + 9x$36M units)

e GPU baseline: $602M total ($49M NRE + 9x$61M

units)

The SRAM architecture saves approximately $400M over
the mission lifetime compared to GPU-based alternatives, with
reduced-precision storage extending savings to over $430M—
funds that could support additional science instrumentation or
extended operations.

C. Custom Silicon Development Cost

Custom accelerator development requires non-recurring in-
vestment in chip design and fabrication. Unlike complex
general-purpose processors where software development dom-
inates NRE, our proposed architectures consist primarily of
regular memory arrays and simple floating-point datapaths,
dramatically reducing verification complexity.

Photomask fabrication at leading-edge nodes represents the
dominant NRE component, with estimates of $30M for a
complete Snm-class mask set. However, this one-time cost is
amortized across all satellite units and remains small compared
to the cumulative savings in spacecraft mass and launch costs.
The recurring per-chip manufacturing cost is negligible relative
to satellite-level expenses.

IX. DISCUSSION
A. Radiation Environment and Tolerance

The Sun-Earth L2 point presents a moderate radiation envi-
ronment compared to other orbital regimes. Spacecraft operate
outside Earth’s trapped radiation belts, with total ionizing dose
(TID) dominated by galactic cosmic rays and solar parti-
cle events [26]. Studies for JWST estimated approximately
2.4krad per year behind standard aluminum shielding [27],
[28]—manageable for multi-year satellite lifetimes with ap-
propriate component selection.

Modern FinFET and gate-all-around transistors exhibit im-
proved single-event effect (SEE) tolerance compared to planar
CMOS, with upset rates reduced by approximately an order
of magnitude at each technology generation [29]. The reduced
sensitive volumes in advanced nodes, combined with silicon-
on-insulator substrates where available, provide inherent hard-
ening without specialized fabrication processes.

B. Layered Fault Tolerance Strategy

We adopt a defense-in-depth approach combining multiple
protection mechanisms. ECC protects memory at rest, ABFT
protects computation in flight, and TMR guards control logic.

Error-Correcting Codes (ECC) protect all memory struc-
tures. SRAM banks implement single-error-correction, double-
error-detection (SECDED) codes with minimal area overhead.
For HBM, chipkill-level protection guards against complete
die failures within stacks. Since HOWFSC accesses all matrix
elements every iteration, normal memory traffic triggers error
correction without dedicated scrubbing cycles.

Triple Modular Redundancy (TMR) protects critical con-
trol paths including state machines, configuration registers, and
the inter-satellite communication interface. These structures
are small relative to the datapath and memory, making TMR
overhead acceptable.

Graceful Degradation allows continued operation at re-
duced performance if radiation events cause persistent fail-
ures. The distributed SRAM architecture can bypass failed
chiplets, accepting proportionally reduced control frequency.
The system maintains dark zone stability at degraded rates
while ground operators assess recovery options.

C. Algorithm-Based Fault Tolerance

ECC protects J and M in storage, but transient faults during
the GEMV computation itself—SEUs in MAC registers, adder
trees, or data buses—are not covered by ECC. Algorithm-
based fault tolerance (ABFT) [11] addresses this gap by
embedding checksum relationships directly into the matrix
computation, with overhead proportional to matrix dimensions
rather than total elements.

1) ABFT Mechanism: For each protected matrix A, ABFT
encodes K checksum rows ci[j] = >, wy[i] - Afi, j] at load
time. After each GEMV y = Ax, the syndrome

dj, = Wiy — i x )

is zero in exact arithmetic; |di| > 74 indicates an error. The
weights wj, and checksums cj are computed once when the



matrices are loaded; per-iteration cost is 2K dot products plus
n multiplies for vector scaling, totaling less than 0.2% of the
GEMV at LUVOIR scale with K=1 [12].

2) The Ill-Conditioning Challenge: The composed EFC
gain matrix G = MJ7T is severely ill-conditioned: SVD
analysis of a FALCO-generated vortex-coronagraph model
reveals singular values spanning approximately 66 decades,
with row norms varying by a factor of 1032 [12]. This extreme
dynamic range causes the ABFT syndrome dj, to be nonzero
even on clean data due to floating-point roundoff, potentially
masking actual faults. A companion study [12] addresses this
with row-scaling preconditioning: the scaled gain matrix G=
DG = (DM)JT (where D = diag(1/|/G;..||)) normalizes
all active rows to unit norm, preventing faults in small-norm
rows from being masked by the checksum accumulation noise
of large-norm rows. Scaling is applied once at encode time;
the per-iteration cost is n multiplies on the output vector.

The detection threshold 74 is derived analytically from
the probabilistic rounding model of Higham and Mary [30],
bounding the syndrome noise as:

] < e (VA Gl L+ VA el 8
vn
where £, = 2.22 x 10716 is the FP64 machine epsilon. All
quantities are known at encode time, so no empirical tuning
or calibration runs are required.

3) Dangerous Fault Threshold: Not all faults matter: a
bit-flip in a low-significance mantissa bit may change Au
imperceptibly. A fault is dangerous only if the resulting
DM command error degrades contrast beyond a tolerable
budget. The Jacobian J maps command errors e to focal-
plane field perturbations, bounding the contrast degradation
as 0C < ||J||3||le||*. Allocating a fraction f = 0.1 of the
target contrast Ciyeer = 10719 as the fault budget yields the
dangerous-fault threshold:

V f ' Ctarget (6)

€= T
1912 - [|Aull

which evaluates to approximately 1.5%-9% depending on
actuator count and input E-field [12]. This threshold is large
because the Jacobian spectral norm is small: the coronagraph’s
optical response to individual actuator perturbations is weak,
so a substantial command error is needed before the focal-
plane field change degrades contrast.

4) Tolerance Gap: The three quantities—roundoff noise
floor, detection threshold, and dangerous-fault threshold—
occupy well-separated regimes:

|dk|noise < Tk < &d (7)
—— ~— ~—
~10-13 ~10—8 ~10—2

providing approximately six orders of magnitude of mar-
gin between the detection threshold and the dangerous-fault
threshold [12]. This gap is the reason ABFT works despite
the extreme ill-conditioning: even though the matrix is nu-
merically challenging, the physics of the coronagraph ensures

that only large command errors degrade contrast, and large er-
rors produce large syndromes. Experimental validation across
10,000 fault injection trials with five physically motivated
fault types (single bit-flip, multi-bit flip, bitline inversion, full
randomization, and burst error) achieves 100% detection of all
dangerous faults with zero false positives [12].

ABFT also supports matrix sharding naturally: each par-
tition carries local checksums, and per-partition condition-
ing (kjle < Kgoba) Improves noise-floor separation—
complementing the distributed memory organizations de-
scribed in Sections V and VI

D. Reliability Analysis

We quantify the reliability benefit of ABFT combined with
reduced-precision storage using the synthesis-derived MAC
areas from Section IX-F. The dangerous computational fault
rate depends on three factors: the SEU flux (upsets/mm?/hour,
set by the radiation environment), the active datapath area
exposed per iteration, and the fraction of faults that are
dangerous.

For FP64, the MAC cell area is 3755 (ASAP7 [31] area
units); for BFP-23, it is 1423—a 2.6 reduction in silicon
area exposed to particle strikes per MAC. With 7,560 MACs
operating at 100 Hz, the BFP-23 datapath intercepts propor-
tionally fewer ions per iteration simply by being physically
smaller.

Without ABFT, every dangerous computational fault passes
through to the DM command. With ABFT achieving 100%
dangerous-fault detection, the only residual risk is a fault
in the checker itself—the K syndrome dot products, which
represent approximately 0.2% of the GEMV computation. This
reduces the dangerous computational fault rate by approxi-
mately 500x [12]. Combined with the 2.6x area reduction
from BFP-23 MACs, the total dangerous-fault rate improve-
ment is approximately 1300x compared to an unprotected
FP64 datapath. At the L2 SEU flux of approximately 10~6
upsets/mm?/hour [32], this translates to a dangerous computa-
tional fault rate well below one event per year of continuous
100 Hz operation. Figure 6 shows how the dangerous-fault rate
(in FIT) scales with SEU flux for all four configurations.

This layered approach—ECC for storage, ABFT for compu-
tation, TMR for control, and graceful degradation for persis-
tent failures—enables deployment of commercial-grade silicon
in the L2 environment with reliability appropriate for sup-
porting, but not directly endangering, the primary observatory
mission.

E. Technology Roadmap

Both proposed architectures are designed around mem-
ory technologies available today or on near-term product
roadmaps. Looking toward the HWO launch timeframe in the
2040s, continued improvements in memory density and energy
efficiency will further enhance the viability of memory-centric
accelerators.

Advances in chiplet integration, packaging, and high-density
interconnects will reduce the complexity and cost of dis-
tributed multi-chiplet systems. Improved SRAM density at
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future process nodes will also reduce the number of chiplets
required, though even with reduced-precision storage shrinking
the matrices to approximately 42 GB, distributed architectures
will remain necessary for the foreseeable future.

We also note that, since the core workload is highly parallel,
the proposed architectures do not require high inter-processor
communication bandwidth. A multi-chip module (MCM), or
multiple modules connected through board-level interconnects
such as PCle, can satisfy the communication requirements,
although at the cost of increased interconnect energy.

F. MAC Synthesis Methodology

To quantify the power and area impact of reduced-precision
datapaths, we synthesized Synopsys DesignWare DW_fp_mac
(floating-point multiply-accumulate, a x b + c¢) instances at
two precisions using Synopsys Design Compiler (S-2021.06-
SP1) with compile_ultra optimization. The target library
is ASAP7 [31], a predictive 7nm FinFET PDK with regular-
V; cells at typical-typical corner (0.7V, 25°C). Both designs
are purely combinational (no pipeline registers), providing a
direct comparison of datapath complexity.

The FP64 MAC uses sig_width=52, exp_width=11
(IEEE 754 double precision, 64-bit inputs). The BFP-23
MAC uses sig_width=23, exp_width=11 (35-bit in-
puts), modeling the reduced-precision format where J and M
are stored with 23-bit mantissas but the full FP64 exponent
range is retained. Table VII summarizes the results.

The 3.6x power reduction exceeds the 2.6 area reduction
because smaller multipliers have shorter critical paths and
lower internal switching activity per operation. These per-
MAC ratios are used in Table IV to estimate the BFP-23
compute power and in Section IX-D to estimate the reduced
radiation cross-section of the narrower datapath.

TABLE VII
MAC SYNTHESIS RESULTS (ASAP7 7NM, COMPILE_ULTRA)

Metric FP64 BFP-23 Ratio

Cell Area (units) 3755 1423 2.6

Dynamic Power (uW) 2285 640 3.6x

Cell Count 18468 6707 2.8x
TABLE VIII

LUVOIR-SCALE JACOBIAN MEMORY FOOTPRINT

Format Mantissa  Size (GB)  Savings
FP64 (baseline) 52 106 —
BFP, per-row exp. 36 61 42%
BFP, per-row exp. 30 51 52%
BFP, per-row exp. 23 40 62%

G. Reduced-Precision Storage Opportunity

The architecture sizing in Sections V and VI assumes the
J and M matrices are stored in IEEE 754 double precision
(FP64). However, constructing M = (J7J+alI)~! and apply-
ing J and M in the per-iteration GEMVs impose fundamen-
tally different precision requirements. The inversion involves
ill-conditioned linear algebra that genuinely requires FP64, but
the subsequent GEMVs—sequences of dot products—are far
more tolerant of reduced precision because truncation errors
are independent and average out as +/n rather than n [12].

A companion study [12] demonstrates that the gain matrix
can be stored in block floating point (BFP) with a 23-bit
mantissa. Motivated by this result, we use the same row-wise
format for J and M, where each matrix row shares a single
exponent and elements store only a sign bit and mantissa,
reducing their combined FP64 footprint from 111.3GB to
approximately 42 GB, a 62% reduction. Figure 7 shows the
gain-matrix GEMV relative error as a function of mantissa
width: even at 10 bits (FP16-class), the error remains 19x
below the dangerous-fault threshold, with FP32-class precision
offering over four orders of magnitude of margin. The GEMV
error at 23-bit BFP consumes less than 0.03% of the contrast
error budget, and ABFT detection capability is fully preserved.
Row-scaling preconditioning maps directly to the BFP per-row
exponent, making both techniques effectively free in hardware.

Table VIII shows the LUVOIR-scale Jacobian footprint
across precision levels. BFP rows store one shared FP64 scale
factor plus a sign bit and p-bit mantissa per element, yielding
significant savings even at moderate truncation.

This reduction would substantially shrink both proposed
architectures. The HBM design, currently sized at 27 stacks
to store and stream 111.3 GB at 100 Hz, could operate with
roughly 11 stacks—approaching the theoretical minimum—
with proportional reductions in memory power, currently the
dominant contributor at 804 W. The SRAM design, which
distributes storage across 56 chiplets at approximately 2 GB
each, could achieve the same capacity with approximately
22 chiplets. We estimate the BFP-23 SRAM power budget
by scaling SRAM dynamic and leakage power linearly with
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chiplet count (42/111.3 of baseline) and scaling compute
power using synthesis results: a DesignWare floating-point
MAC synthesized at the BFP-23 datapath width consumes
3.6x less power than an FP64 MAC (ASAP7 7nm, com-
pile_ultra), yielding 3W for compute versus the baseline
11 W. The resulting system estimate of 51 W (Table IV, BFP-
23 column) represents a 59 reduction compared to the GPU
baseline. These savings cascade through the satellite system
model: lower power translates to smaller solar arrays, lighter
thermal radiators, and reduced spacecraft mass and cost.

We retain FP64 as the baseline throughout the base-
line architecture sizing to provide conservative, technology-
independent architecture bounds. Detailed reworking of the
HBM and SRAM designs under BFP storage is left to future
work; the analysis in [12] confirms that such reworking would
yield significant additional savings beyond those reported here.

H. Broader Space Computing Applications

While we have focused on HOWFSC as a driving appli-
cation, the memory-centric design principles apply broadly
to space signal processing workloads sharing low operational
intensity and large working sets.

Synthetic Aperture Radar (SAR) focusing requires large
FFTs and matched filtering over multi-gigabyte datasets. Cur-
rent SAR satellites downlink raw data for ground processing;
on-board processing would enable real-time targeting and
reduced downlink bandwidth.

Hyperspectral Image Analysis involves covariance ma-
trix computation and eigendecomposition across hundreds of

spectral bands per pixel—operations dominated by memory
bandwidth at megapixel scale. On-board analysis would enable
intelligent data triage, transmitting only scientifically relevant
observations.

On-Board ML Inference for autonomous spacecraft op-
eration requires streaming weight matrices through compute
units—precisely the memory-bound pattern our architectures
optimize.

Space Domain Awareness applications including debris
tracking and conjunction assessment require batch least-
squares orbit determination over large observation catalogs.

In each case, the computational kernel reduces to dense
matrix operations where memory bandwidth—not arithmetic
throughput—Iimits performance, and radiation-hardened pro-
cessors fall orders of magnitude short of requirements.

X. CONCLUSION

Memory bandwidth, not compute throughput, limits the
performance of signal processing workloads relevant to future
space missions. By designing accelerators around this insight,
we can achieve dramatic improvements in power efficiency
compared to general-purpose approaches.

Our HBM-based architecture reduces power consumption
by 3x relative to GPU solutions while our distributed SRAM
architecture achieves a 33x reduction at FP64 precision.
Combined with reduced-precision storage [12]—block float-
ing point with 23-bit mantissas, reducing J and M from
111.3 GB to approximately 42 GB—the SRAM architecture
reaches 51 W, a 59x reduction that enables deployment of
high-frequency control loops within practical spacecraft power
budgets. Algorithm-based fault tolerance provides 100% detec-
tion of science-threatening computational faults with less than
0.2% overhead, and the reduced-precision datapath further
improves reliability by shrinking the silicon area exposed to
particle strikes. These architectures establish a viable path
toward co-flying compute platforms for flagship missions
requiring computational capabilities beyond what radiation-
hardened processors can deliver. Future work will refine these
architectures through detailed physical design and validate
radiation tolerance through simulation and testing.
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