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Abstract—Antiferromagnetic Tunnel Junctions (AFMTJs) en-
able picosecond switching and femtojoule writes through ultrafast
sublattice dynamics. We present the first end-to-end AFMTJ sim-
ulation framework integrating multi-sublattice Landau-Lifshitz-
Gilbert (LLG) dynamics with circuit-level modeling. SPICE-
based simulations show that AFMTJs achieve ∼8× lower write
latency and ∼9× lower write energy than conventional MTJs.
When integrated into an in-memory computing architecture,
AFMTJs deliver 17.5× average speedup and nearly 20× en-
ergy savings versus a CPU baseline—significantly outperforming
MTJ-based IMC. These results establish AFMTJs as a compelling
primitive for scalable, low-power computing.

I. INTRODUCTION

Von Neumann architectures create performance bottlenecks
from data movement between separate processing and memory
units. In-memory computing (IMC) addresses this ”memory
wall” by enabling computation directly within memory arrays,
minimizing data movement and its associated costs [1]. How-
ever, realizing IMC’s potential requires memory technologies
that offer high speed, low energy, and high density.

Antiferromagnetic Tunnel Junctions (AFMTJs) [2] are
emerging spintronic devices that provide picosecond-scale
switching [3], low write energy [4], high packing density
for near-terahertz IMC architectures, and robustness against
external magnetic fields due to near-zero net magnetization.
Unlike conventional Magnetic Tunnel Junctions (MTJs), which
switch via net magnetization toggling, AFMTJs switch through
reorientation of antiparallel magnetic sublattices (Fig. 1), en-
abling sub-100 ps switching far exceeding the nanosecond-
scale dynamics of MTJs (Table I).

Despite their promise, AFMTJs remain unexplored in com-
puting architectures. Prior work has focused on physical
characterization [?], [2], [4], [7], [14] without demonstrating
dynamic models integrated into circuit-level simulations or
functional architectures.

This paper makes three main contributions: (1) We develop
the first compact AFMTJ model for in-memory comput-
ing, capturing dual-sublattice Landau-Lifshitz-Gilbert dynam-
ics and inter-sublattice exchange coupling; (2) We validate
our model against experimental tunneling magnetoresistance
(TMR) and switching characteristics; (3) We demonstrate
system-level IMC gains of 17.5× average speedup and ∼20×
energy savings over a CPU baseline, significantly outperform-
ing MTJ-based alternatives. This work lays a foundation for

TABLE I: Comparison of MTJ and AFMTJ characteristics.

Property MTJ AFMTJ
Sublattice Structure Single ferromagnetic

(FM) layer
Two antiparallel AFM
sublattices

TMR Ratio 80–120% [5], [6] Up to 500% [2]
Switching Time 1–2 ns [5] 10–100 ps [2], [7]
Write Energy 300 fJ [8] 20–100 fJ [this work]
Field Sensitivity High Low (inherent robustness

due to zero net magneti-
zation )
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Fig. 1: AFMTJ device structure. Each AFM layer contains
two oppositely aligned sublattices coupled by inter-sublattice
exchange (JAF). Applied voltage drives spin-polarized current
across the MgO barrier, enabling switching and readout.

future architectural exploration of AFMTJ-based systems for
ultrafast, energy-efficient, and scalable in-memory computing.

II. AFMTJ DEVICE MODEL

We extend the UMN MTJ SPICE framework [9] to capture
the dual-sublattice AFMTJ physics1. Each cell instantiates
two dynamically coupled magnetization vectors, M1 and M2,
evolving under modified Landau-Lifshitz-Gilbert [10] equa-
tions:

dMi

dt
= −γMi ×Heff,i + αMi ×

dMi

dt
+ τ STT,i + τ ex,i

where Heff,i includes the demagnetizing, anisotropy, ther-
mal, and inter-sublattice exchange fields. The exchange torque
terms τ ex,1 = −JAF M1×M2 couple the sublattices, enabling
mutual dynamic feedback. An adaptive fourth-order Runge-
Kutta integrator (0.1 ps base step) evolves all six magnetization
components.

1Our AFMTJ SPICE model is available at:
https://github.com/yousufc890/AFMTJ Model



TABLE II: AFMTJ Parameters Used
Parameter Value Description
P0 0.8 Polarization Factor
α 0.01 Damping Factor
Ms0 600 emu/cm3 Saturation Magnetization
JAF 5e-3 Inter-sublattice Exchange Coupling Constant
lx, ly 45nm Lateral dimensions of free layer
lz 0.45nm Thickness of free layer

Values were selected based on known properties of AFM materials. AFMTJ cell
dimensions were kept consistent with the original UMN MTJ model [7], [9], [12], [14]–
[17].
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Fig. 2: High-level system architecture showing hierarchical
AFMTJ-based in-memory compute. AFMTJ subarrays (C1–
C6) serve as both memory (data) and compute (logic) blocks
within L1, L2, and main memory, enabling processing in cache
(PiC) and processing in memory (PiM).

A. Validation and Comparison

We validated our model against fabricated AFMTJs [11]–
[13], achieving comparable TMR values (∼80%) and picosec-
ond switching dynamics. Table I summarizes key differences
from conventional MTJs and Table II summarizes the key
material parameters used in this work.

III. AFMTJ-BASED IN-MEMORY COMPUTING
ARCHITECTURE

A. System Integration

To explore AFMTJ’s system-level benefits, we integrate it
into a hierarchical IMC architecture [18] to replace MTJs. Fig.
2 illustrates the hierarchical IMC architecture, wherein AFMTJ
subarrays embedded at L1, L2, and main memory serve as both
non-volatile storage and fine-grained logic operators (XOR,
NAND). Multi-row activation and charge sharing implement
bit-line computing, with sense amplifiers resolving logic out-
comes from magnetization-dependent current differentials.

B. Cell Operations

The AFMTJ cells support three modes: write (a spin-
polarized current alters magnetization); read (the TMR is
sensed through the tunnel barrier to resolve the stored state);
and logic (conditional voltage pulses on multiple rows drive
in-place Boolean operations such as NAND or XOR). A
lightweight controller orchestrates the operations, exploiting
AFMTJ’s picosecond switching for pipelined execution.

IV. EVALUATION

A. Experimental Setup

We used Synopsys HSPICE for device simulations. To
explore AFMTJ as a drop-in replacement for MTJ in a system-
level evaluation, we used the calibrated AFMTJ and a baseline
MTJ [9] in an identical IMC hierarchy. The baseline CPU is a
2 GHz ARM Cortex-A72 with 32 KB L1, 1 MB L2, and 8 GB
main memory. Workloads include binarized neural network
(bnn), image grayscale (img-grayscale), image thresholding
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Fig. 3: Write (a) latency and (b) energy comparison of AFMTJ
vs. MTJ across input voltages.
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Fig. 4: System-level (a) latency speedup and (b) energy savings
of AFMTJ- and MTJ-based hierarchical IMC architecture
versus the CPU baseline across workloads.

(img-threshold), multiply accumulate (mac), matrix addition
(mat add), and root mean square error (rmse).

B. Device-Level Results

Fig. 3 shows performance across input voltages. At 1.0 V,
AFMTJ achieves 164 ps write latency (vs. ∼1400 ps for MTJ)
and 55.7 fJ write energy (vs. ∼480 fJ), representing ∼8×
and ∼9× improvements, respectively. Switching latency drops
from 65 ps at 0.5 V to 20 ps at 1.2 V.

C. System-Level Results

Fig. 4 summarizes the performance of AFMTJ- and MTJ-
based IMC architectures against the CPU baseline. AFMTJ-
based IMC achieves 17.5× average speedup and 19.9×
average energy savings, compared to 6× and 2.3× for MTJ-
based IMC. Write-intensive workloads (bnn: 55.4×; mat add:
16.5×) show the largest gains.

V. CONCLUSION

We presented the first SPICE-based AFMTJ simulation
framework capturing dual-sublattice dynamics and demon-
strated its integration into in-memory computing. AFMTJs
achieve ∼8× lower write latency and ∼9× lower energy
than MTJs at the device level, translating to 17.5× speedup
and ∼20× energy savings at the system level. Future work
includes compact Verilog-A models, fabrication validation,
and architecture-level studies targeting edge AI, real-time
signal processing, and other high-impact applications.



ACKNOWLEDGMENT

This work was partially supported by NSF Grant 2425567.

REFERENCES

[1] S. Li and et al., “Architecting to break the memory wall for emerging
workloads,” IEEE Micro, vol. 40, no. 4, pp. 68–76, 2020.

[2] D. F. Shao and E. Y. Tsymbal, “Antiferromagnetic tunnel junctions for
spintronics,” npj Spintronics, vol. 2, p. 13, 2024.

[3] R. Cheng, M. W. Daniels, J. Zhu, and D. Xiao, “Ultrafast switching
of antiferromagnets via spin-transfer torque,” Phys. Rev. B, vol. 91, p.
064423, 2015.

[4] J. Deng, G. Liang, and G. Gupta, “Ultrafast and low-energy switching in
voltage-controlled elliptical pmtj,” Scientific Reports, vol. 7, p. 16562,
2017.

[5] H. Lee and et al., “Design of a fast and low-power sense amplifier and
writing circuit for high-speed mram,” IEEE Transactions on Magnetics,
vol. 51, no. 5, pp. 1–7, 2015.

[6] B. Zhou, P. Khanal, O. J. Benally, J. Lin, J. Zhang, Y. Liu, Y. Jiang,
C. Wang, X. Li, and G. Xiao, “Perpendicular magnetic anisotropy,
tunneling magnetoresistance and spin-transfer torque effect in magnetic
tunnel junctions with nb layers,” Scientific Reports, vol. 13, p. 3454,
2023. [Online]. Available: https://doi.org/10.1038/s41598-023-29752-0

[7] T. Usami, M. Itoh, and T. Taniyama, “Temperature dependence of the
effective gilbert damping constant of ferh thin films,” AIP Advances,
vol. 11, no. 4, p. 045302, 2021.

[8] R. Patel, X. Guo, Q. Guo, E. Ipek, and E. G. Friedman, “Reducing
switching latency and energy in stt-mram caches with field-assisted
writing,” IEEE Transactions on Very Large Scale Integration (VLSI)
Systems, vol. 24, no. 1, pp. 129–138, 2016.

[9] J. Kim, A. Chen, B. Behin-Aein, S. Kumar, J. P. Wang, and C. H. Kim,
“A technology-agnostic mtj spice model with user-defined dimensions
for stt-mram scalability studies,” in Custom Integrated Circuits Confer-
ence (CICC), Sep. 2015.

[10] M. Lakshmanan, “The fascinating world of the landau–lifshitz–gilbert
equation: an overview,” Philosophical Transactions of the Royal Society
A: Mathematical, Physical and Engineering Sciences, vol. 369, no. 1939,
pp. 1280–1300, 2011.

[11] T. Chou, S. Ghosh, B. C. McGoldrick, T. Nguyen, G. Gurung, E. Y.
Tsymbal, M. Li, K. A. Mkhoyan, and L. Liu, “Large spin polarization
from symmetry-breaking antiferromagnets in antiferromagnetic tunnel
junctions,” Nature Communications, vol. 15, p. 7840, 2024. [Online].
Available: https://doi.org/10.1038/s41467-024-52208-6

[12] G. Gurung, M. Elekhtiar, Q. Q. Luo, and et al., “Nearly perfect spin
polarization of noncollinear antiferromagnets,” Nature Communications,
vol. 15, p. 10242, 2024.

[13] Y. Chen, K. Samanta, N. A. Shahed, H. Zhang, C. Fang, A. Ernst,
E. Y. Tsymbal, and S. S. P. Parkin, “Twist-assisted all-antiferromagnetic
tunnel junction in the atomic limit,” Nature, vol. 632, p. 1045–1051,
2024.

[14] R. Ranjbar, K. Suzuki, A. Sugihara, T. Miyazaki, Y. Ando, and
S. Mizukami, “Engineered heusler ferrimagnets with a large perpen-
dicular magnetic anisotropy,” Materials, vol. 8, no. 9, pp. 6531–6542,
2015.

[15] Z. Wang, B. Bian, L. Zhang, and Z. Yu, “Mn3sn-based noncollinear
antiferromagnetic tunnel junctions with bilayer boron nitride tunnel
barriers,” Applied Physics Letters, 2019.

[16] T. Jungwirth, X. Marti, P. Wadley et al., “Antiferromagnetic spintronics,”
Nature Nanotech, vol. 11, pp. 231–241, 2016.

[17] M. Gibertini, M. Koperski, A. F. Morpurgo et al., “Magnetic 2d materials
and heterostructures,” Nat. Nanotechnol., vol. 14, pp. 408–419, 2019.

[18] D. Gajaria, T. Adegbija, and K. Gomez, “Chime: Energy-efficient stt-
ram-based concurrent hierarchical in-memory processing,” in IEEE 35th
International Conference on Application-specific Systems, Architectures
and Processors (ASAP), 2024, pp. 228–236.


	Select a link below
	Return to Previous View
	Return to Main Menu


