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Abstract:

Analog computing using resistive crossbar arrays
overcomes the von Neumann “memory wall” in
digital computing, where data movement, instead of
the computation itself, dominates the energy cost. By
encoding weights in multi-level resistive cells and
performing parallel dot-product operations directly
within a 128 x 128 array fabricated at the Cornell
Nanoscale Facility, we demonstrate up to 60.9 TOPS/W.
This in-memory computing platform oNers a compelling
path toward dramatically lower-power Al inference, as
well as eNicient signal and image processing.

Summary of Research:

The explosive growth of Al services is driving data-
center electricity demand toward unsustainable levels.
The International Energy Agency projects global data-
center energy use to exceed 945 TWh by 2030—more
than double current levels—and U.S. data centers,
already consuming 4.4 % of national electricity in 2023,
may account for up to 12 % by 2028 [4][5]. Even a
single Artificial Intelligence query carries a measurable
footprint: a typical ChatGPT interaction consumes
roughly 0.3 Wh, equivalent to running an LED bulb for
several minutes [6].

Conventional von Neumann architectures exacerbate
this burden via the “memory wall,” in which moving
a 64-bit word from Dynamic Random Access Memory
(DRAM) to the Central processing unit (CPU) costs on
the order of 1,000 pJ—about 50x the energy of a 64-
bit floating-point add [7]. Across real workloads, data
transfers can account for 60—70 % of total system energy,
severely limiting both performance and eNiciency.

Resistive crossbar arrays address this challenge by
performing matrix-vector multiplications in situ:
voltages applied to row lines induce column currents
proportional to conductance-encoded weights, realizing
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Figure 1: Structure of resistive crossbar arrays.
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Figure 2: Fabrication picture.
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Figure 3: Device.
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massively parallel dot products in one step. Hardware
demonstrations include 60.9 TOPS/W for binary neural
inference in oxide-based devices [1], 405 TOPS/W
in magnetoresistive prototypes at 0.8 V [2], and 3.6
TOPS/W in designs with nonlinear Analog Digital
Converters (ADCs) for specialized preprocessing [3].

In our work, we aim to fabricate resistive crossbar
arrays with Al model encoded on them to save energy
for AI computing. As a first step, we have fabricated
128 x 128 arrays using a CMOS-compatible process
and measured their analog performance at Cornell
Nanoscale Facility. By encoding a biosignal processing
foundation model as conductance matrices and feeding
input voltages corresponding to signals such as heart
rate and movement, we obtained output currents that
reproduce predictions on fall detection, sleep stage
detection, stress level detection and atrial fibrillation
(Fig. 4), validating hardware-in-the-loop processing as
a viable digital alternative.

Digital & On-Chip Model Accuracy

Task Classificatio | Fully Partial hardware
n Digital encoder + digital
classifier

Atrial Photoplethysmogr  AF / not AF 85.9% 64.7%
Fibrillation aphy (PPG),
(AF) detection  Electrocardiogram

(ECG)

Fall detection Arm acceleration x, Falling / not 86.7% 80.1%
Y,z falling
Sleep stage Arm accelerationx, Wake / non 74% 44%
detection Y,z rapid eye
movement
(REM) / REM
Stress level ECG, Electrodermal Baseline / 69.7% 59.0%
detection activity (EDA), amused /
Respiration stressed

Figure 4: Digital and Hardware processing results.

Conclusions and Future Steps:

We have shown that resistor-based crossbar arrays
can achieve state-of-the-art energy eNiciency for low-
precision Al and image-processing tasks. To scale this
approach, we plan to:

. Adjust array dimensions from a fixed 128 x 128
to customized based on the machine learning model we
encode, enabling larger neural-network layers and more
flexible model architecture.

. Expand application domains to voice-signal
processing, discrete Fourier transforms and solving
equations, leveraging the same in-memory dot-product
primitive.

These developments will bring in-memory computing
closer to deployment in edge Al accelerators and high-
throughput signal-processing hardware.

2025-2026 Research Accomplishments
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