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Note 1: Memristor macro and device characteristics 71 

To realize the hardware implementation of the analogue iterative computing system for real-72 

time robotic applications, we designed and fabricated a 1-Kb one-transistor-one-resistor (1T1R) 73 

memristor macro with a 32×32 array using a standard 180 nm CMOS process. The packaged macro 74 

for system-level integration is shown in Supplementary Fig. 1a, and the optical micrograph of 75 

the fully integrated chip is presented in Supplementary Fig. 1b. The array topology is detailed in 76 

Supplementary Fig. 1c. In this macro, each row shares a word line (WL) and a source line (SL) 77 

to control the access transistors, whereas each column shares a bit line (BL) connected to the top 78 

electrodes of the memristor devices. The cross-sectional schematic and the corresponding energy-79 

dispersive X-ray spectroscopy (EDS) elemental maps in Supplementary Fig. 1d further confirm 80 

the vertical integration of the transition-metal-oxide memristive stack, consisting of Ti, Ta, O, and 81 

N layers, above the underlying CMOS access circuitry. 82 

Before mapping analogue weights, we first characterized the fundamental binary switching 83 

behaviour of the 1T1R cells. As shown in Supplementary Fig. 2a, the devices exhibit uniform 84 

and repeatable bipolar resistive switching under direct-current voltage sweeps, with clear 85 

transitions between the high-resistance and low-resistance states. The array-level statistics in 86 

Supplementary Fig. 2b show a yield of 95.31% across the 1-Kb macro and an average on/off 87 

resistance ratio of 15.9. Supplementary Fig. 2c shows that reliable SET and RESET transitions 88 

can be achieved with pulse widths as short as 50 ns and 100 ns, respectively, together with a read 89 

latency of 40 ns. Supplementary Fig. 2d further shows robust data retention without degradation 90 

over 104 s. The devices also exhibit pulse endurance over 105 cycles while maintaining an 91 

approximately 10-fold memory window (Supplementary Fig. 2e), and read endurance over 105 92 

continuous read operations (Supplementary Fig. 2f). 93 

In addition to robust binary switching, ACIM requires continuous and high-precision 94 

conductance tuning for accurate matrix mapping. Supplementary Fig. 3a demonstrates the 95 

analogue programming behaviour of the devices, where the conductance can be gradually tuned 96 

in both potentiation and depression, without abrupt state transitions. In the 0-0.2 V read-voltage 97 

range, the devices enable linear readout of 256 distinct conductance states, as shown in 98 

Supplementary Fig. 3b. The retention measurements in Supplementary Fig. 3c show that 99 

representative 4-bit levels remain stable for over 104 s. Multilevel conductance measurements 100 
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across more than 600 1T1R cells, presented in Supplementary Fig. 3d, indicate that the array can 101 

support more than 5-bit distinguishable conductance-state distributions. 102 

 103 

Supplementary Fig. 1. 1-Kb (32×32) 1T1R memristor macro and array structure. a, 104 

Photograph of the packaged test chip. b, Optical micrograph of the 1-Kb memristor macro. c, 105 

Schematic illustration of the 32×32 crossbar array architecture. d, 3D schematic of the 1T1R cell 106 

and cross-sectional EDS elemental maps. 107 

  108 
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 109 

Supplementary Fig. 2. Binary switching characteristics of the memristor. a, Typical DC I-V 110 

switching curves. b, Distribution of high resistance state (HRS) and low resistance state (LRS) of 111 

all devices in the 1-Kb array, indicating high functional yield. c, Transient responses of set, reset, 112 

and read operations. d, Room-temperature retention of the HRS and LRS over 104 s. e, Pulse 113 

endurance over 105 cycles with an on/off ratio above 10. f, Read endurance over 105 read cycles. 114 

  115 
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 116 

Supplementary Fig. 3. Analogue switching characteristics of the memristor. a, Conductance 117 

potentiation and depression under consecutive identical pulses. b, Linear readout of 256 distinct 118 

analogue conductance states. c, Retention behaviour of the 4-bit analogue states. d, Cumulative 119 

distributions of over 5-bit conductance states across over 600 devices. 120 

  121 
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Note 2: Predictive model for the AC-PoP scheme 122 

To enable accurate AC-PoP operations, it is essential to capture the state-dependent and 123 

highly nonlinear programming dynamics of the memristor array. We therefore developed a 124 

phenomenological predictive model, whose implementation flow is illustrated in Supplementary 125 

Fig. 4. The model relates the relative conductance change (ΔG/Gi) to the applied programming 126 

pulse amplitude (V) through a modified sigmoid function: 127 

 )( )(
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where L represents the state-dependent maximum amplitude of the conductance change, Vth 129 

denotes the threshold voltage required to trigger a substantial conductance state transition, k 130 

characterizes the abruptness of the switching process, and c is a baseline offset constant. Model 131 

parameters were extracted from the measured state-dependent conductance-update data in 132 

Supplementary Fig. 5. Specifically, we measured ΔG/Gi as a function of pulse amplitude V across 133 

a wide span of initial conductance states Gi, and the data were separated into set and reset branches. 134 

For each discrete Gi level, the corresponding sigmoid equation was fitted to obtain the state-135 

dependent parameters Vth(Gi) and L(Gi) while k and c were held constant within each branch to 136 

avoid overfitting. The fitted parameter trends for the set and reset operations are shown in 137 

Supplementary Figs. 6 and 7, respectively, and the corresponding fitting parameters are 138 

summarized in Supplementary Table 1. 139 

The extracted parameters of this predictive model not only mathematically capture the highly 140 

non-linear conductance change of the memristors, but also physically reflect the dynamic evolution 141 

of the conductive filament (CF) under an applied electric field1,2. The parameter L denotes the 142 

amplitude of the conductance change, which is intrinsically tied to the initial conductance state of 143 

the device. Specifically, a higher conductance state restricts further CF growth, making subsequent 144 

conductance enhancement increasingly difficult. This pre-existing state also dictates the varying 145 

amplitudes of conductance depression when identical voltages are applied. The parameter Vth 146 

represents the threshold voltage required to trigger a non-volatile transition to an adjacent 147 

conductance state. Voltages below this threshold induce negligible non-volatile changes, 148 

effectively preventing read disturbance, whereas voltages exceeding Vth drive a substantive switch 149 

to the next conductance state. Crucially, the dependence of L and Vth on the initial conductance 150 
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state macroscopically mirrors the pre-existing CF morphology. A higher Gi corresponds to a 151 

thicker, structurally robust CF. During the set process, further spatial expansion of a thick CF is 152 

fundamentally restricted by geometric confinement, naturally yielding a lower L. Furthermore, a 153 

thicker CF reduces the device's internal resistance, which exacerbates the voltage divider effect 154 

and demands a higher thermodynamic energy barrier to modulate, inherently shifting the required 155 

Vth to higher absolute values. The factor k indicates the abruptness of the state transition. It reflects 156 

the sensitivity of the internal CF morphological changes to the applied voltage. A larger k indicates 157 

a more rapid and abrupt switching once the applied voltage surpasses Vth. 158 

By integrating these conductance state dependent functions Vth(Gi) and L(Gi), we constructed 159 

comprehensive 3D predictive models (Fig. 2c) to quantitatively determine the required applied 160 

voltage for a target conductance change. Importantly, due to intrinsic memristor non-idealities, 161 

such as device-to-device (D2D) variations and inherent stochasticity, this model primarily captures 162 

the overall trends of conductance evolution and cannot guarantee perfectly precise weight updates 163 

with a single programming pulse. Therefore, we synergistically combined this predictive one-step 164 

programming with an analogue compensation technique. This integration effectively mitigates the 165 

precision loss induced by memristor non-idealities, establishing a rapid and highly precise weight 166 

update strategy. 167 

  168 
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 169 

Supplementary Fig. 4. Flowchart of the ΔG/Gi measurement procedure. Each device was 170 

initialized to a predefined conductance state Gi, and voltage pulses Vj were then applied to quantify 171 

the conductance response under different Gi-Vj conditions. 172 

  173 
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 174 

Supplementary Fig. 5. Measured conductance responses used for predictive model 175 

construction. Relative conductance changes were measured as a function of programming voltage 176 

under different Gi during (a) set and (b) reset operations. 177 

  178 
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 179 

Supplementary Fig. 6. Fitted set-operation parameters as functions of the initial conductance. 180 

a, Threshold voltage Vth increases with Gi, indicating that larger set bias is required to further 181 

increase the conductance at higher-conductance states. b, Amplitude parameter L decreases with 182 

Gi, indicating a reduced conductance-update range as the device approaches higher conductance 183 

states. 184 

  185 
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 186 

Supplementary Fig. 7. Fitted reset-operation parameters as functions of the initial 187 

conductance. a, Threshold voltage Vth shifts towards larger absolute values with increasing Gi, 188 

indicating that a stronger reset bias is required to induce further conductance decrease at higher-189 

conductance states. b, Amplitude parameter L decreases with Gi, indicating a reduced 190 

conductance-update range during reset at higher initial conductance states. 191 

  192 
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Set operation 

Initial G (μS) Vth (V) L k c 

20 0.67 9.63 

17.13 −0.096 

30 0.68 6.20 

40 0.68 4.12 

50 0.69 3.35 

60 0.69 2.52 

70 0.69 2.05 

80 0.71 1.70 

90 0.72 1.47 

100 0.73 1.20 

Reset operation 

Initial G (μS) Vth (V) L k c 

20 -0.82 -0.16 

-7.23 -0.0131 

30 -0.86 -0.19 

40 -0.87 -0.25 

50 -0.87 -0.28 

60 -0.88 -0.32 

70 -0.88 -0.38 

80 -0.90 -0.44 

90 -0.90 -0.49 

100 -0.91 -0.55 

Supplementary Table 1. Fitting parameters for the predictive model 193 
  194 
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Note 3: The AC-PoP implementation and comparison with WVP 195 

(1) Demonstration of the AC-PoP Scheme 196 

The AC-PoP update for a matrix element was implemented using the pulse sequence shown 197 

in Supplementary Fig. 8. For a target conductance increment ΔG=G(t1)-G(t0), the initial residual 198 

was defined as r0=ΔG. In the first AC-PoP cycle, the system measured the initial conductance state 199 

with a 5 μs read pulse. The predictive model then calculated the programming voltage V0 for the 200 

main device according to r0, and a 2 μs programming pulse was applied. Since the D2D and C2C 201 

variations cause the programmed conductance to deviate from the target value, this first 202 

programming step leaves a residual error r1. In each subsequent AC-PoP cycle, the residual error 203 

ri was converted into the target conductance increment for the next compensation device, and the 204 

corresponding programming Vi was calculated by the same predictive model. In the gain-weighted 205 

compensation architecture, the residual was evaluated in the effective mapped-weight domain as 206 

 1i i i ir r K G+ = − ∆  (S2) 207 

where Ki is the scaling factor of the i-th compensation macro and iG∆  is the conductance 208 

increment implemented by the corresponding programming pulse. 209 

In the implemented circuit, the three macros were read through TIAs with feedback resistors 210 

of 10 kΩ, 1 kΩ, and 100 Ω, corresponding to relative readout scaling factors (K0, K1, K2) of 10, 1, 211 

and 0.1, respectively. This scaling maps the conductance updates from different macros onto 212 

different effective weight ranges, allowing the macro with the larger scaling factor to provide the 213 

dominant update and the macros with smaller scaling factors to implement progressively finer 214 

residual corrections. Therefore, the sequential compensation scheme converts a single iterative and 215 

variation-sensitive programming operation into a coarse-to-fine update process, improving the 216 

effective update precision without requiring each memristor device to be programmed exactly to 217 

the target value. For the matrix-update demonstration in Fig. 2e, the programming-voltage 218 

distributions generated by the predictive model are shown in Supplementary Fig. 9, and the 219 

corresponding differential conductance matrices before and after AC-PoP are detailed in 220 

Supplementary Fig. 10. 221 

(2) Illustration of the WVP method 222 
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For baseline evaluation, a conventional WVP procedure was applied to the same matrix-223 

update target in Fig. 2e using identical pulse widths. The WVP workflow is presented in 224 

Supplementary Fig. 11. In each WVP iteration, the conductance of the selected device was first 225 

measured as g and compared with the target conductance gtarget. If the deviation target| |g g−  was 226 

smaller than the preset tolerance, the programming operation was regarded as successful. 227 

Otherwise, the sign of the error determined the programming direction, where a set pulse was 228 

applied when g<gtarget and a reset pulse was applied when g>gtarget. The updated conductance was 229 

then read again to determine whether an additional programming pulse was required, and the write-230 

verify process proceeded through successive iterations until the conductance fell within the target 231 

tolerance window. With a predefined 5% write-error tolerance, the effectiveness of the WVP 232 

procedure was verified on two memristor macros, as shown in Supplementary Fig. 12, which 233 

presents representative iterative programming traces and the accurate mapping of a “HUST” 234 

pattern. 235 

For the matrix-update task shown in Fig. 2e, the matrix A(t) was constrained within ±100 μS, 236 

and the target update ΔA was constrained within ±30 μS. The corresponding differential 237 

conductance matrices obtained by WVP are provided in Supplementary Fig. 13 for comparison 238 

with AC-PoP. During the update experiment on the 8×8 array, the applied programming and read 239 

pulses were counted for both methods under the same pulse-width conditions. The programming 240 

and read pulse widths were fixed at 5 μs and 2 μs, respectively. For WVP, the programming voltage 241 

was set between 0.8 and 2.0 V for set operations and between −0.3 and −2.5 V for reset operations, 242 

while the read voltage was fixed at 0.2 V. For AC-PoP, the programming voltage was set between 243 

0.6 and 1.8 V for set operations and between −0.3 and −2.0 V for reset operations, matching the 244 

applicable voltage range of the predictive model. 245 

(3) Performance comparison of AC-PoP with WVP 246 

The results of the update task were obtained from ten independent experiments. Across the 247 

three AC-PoP cycles involving six differential compensation macros, WVP required an average 248 

of 26607.1 program-read cycles, whereas AC-PoP required only 77.1 device updates on average. 249 

In this hardware demonstration, each AC-PoP update consisted of one programming operation 250 

followed by one read operation to verify the final update accuracy. In practical operation, if post-251 

update verification is not required, the read operation after the last AC-PoP cycle can be omitted. 252 



 
 

18 
 

The total update energy was calculated from the voltage applied in each operation and the 253 

corresponding measured resistance state. For the j-th pulse, the device energy was evaluated as, 254 

 ( ) ( )j j jE V t I t dt= ∫  (S3) 255 

For rectangular voltage pulses, this expression can be approximated using the measured 256 

resistance state Rj as, 257 

 
2
j

j
j j

V
E

R
τ≈∑  (S4) 258 

where Vj, Rj, and τj are the applied voltage, measured resistance, and pulse width of the j-th read 259 

or programming operation, respectively. This calculation includes both programming and read 260 

pulses, and therefore represents the total energy consumed during the complete matrix-update 261 

process. Using this method, the average total energy of WVP was 6.00×10-6 J, whereas AC-PoP 262 

consumed only 5.93×10-8 J. Therefore, AC-PoP reduced the update energy consumption by 263 

approximately 101× compared with conventional WVP, as shown in Fig. 2g.  264 

The operation latency was calculated from the accumulated physical pulse duration. Since 265 

each program-read cycle consisted of a 5 μs programming pulse and a 2 μs read pulse, the average 266 

latency of WVP was TWVP=26607.1×(5+2) μs=0.18625 s. For AC-PoP, the average latency was 267 

TAC-PoP=77.1×(5+2) μs=540 μs. Thus, AC-PoP reduced the update latency by approximately 345× 268 

compared with conventional WVP, as presented in Fig. 2h. 269 

  270 
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 271 

Supplementary Fig. 8. Multi-device sequential residual compensation in AC-PoP. The target 272 

conductance increment ΔG=G(t1)-G(t0), is sequentially decomposed across G0, G1 and G2. Starting 273 

from the measured states G0(t0), G1(t0), and G2(t0), single predicted programming pulses V0, V1, 274 

and V2 are applied sequentially. The residual error is progressively reduced to r1, r2, and finally r3 275 

according to 1i i i ir r K G+ = − ∆ . 276 

  277 
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 278 

Supplementary Fig. 9. Model-predicted programming-voltage distributions used in AC-PoP. 279 

The three maps show the programming voltages generated by the predictive model and 280 

experimentally applied in the sequential compensation cycles for the matrix-update task in Fig. 2e. 281 

  282 
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 283 

Supplementary Fig. 10. Differential conductance matrices before and after AC-PoP. The 284 

conductance states of the six differential macros are shown before and after the AC-PoP update 285 

for the matrix-update task in Fig. 2e. 286 

  287 
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 288 

Supplementary Fig. 11. Workflow of conventional write-verify programming. The device 289 

conductance g is read and compared with the target value gtarget, after which a set pulse is applied 290 

for g<gtarget or a reset pulse is applied for g>gtarget until the write error falls within the preset 291 

tolerance. 292 

  293 
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 294 

Supplementary Fig. 12. Representative WVP characterization results. a, Iterative 295 

programming trajectories for representative target conductance states. b, Comparison between the 296 

ideal and programmed conductance values measured on two 32×32 memristor macros. c, Accurate 297 

mapping of a representative “HUST” pattern after WVP. 298 

  299 
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 300 

Supplementary Fig. 13. Differential conductance matrices before and after WVP. The 301 

conductance states of the six differential macros are shown before and after WVP for the same 302 

matrix-update task in Fig. 2e, providing the baseline comparison with AC-PoP. 303 

  304 
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Note 4: Hardware implementation and experimental characterization of the mAIC system 305 

(1) Hardware implementation of the mAIC system 306 

The hardware architecture of the mAIC system is shown in Supplementary Fig. 14. The 307 

mAIC system solves matrix equations by implementing the Jacobi iteration formula, 308 

 1i ix Bx f+ = +  (S5) 309 

where the iteration matrix B is mapped onto the differential CIM boards by AC-PoP, and the vector 310 

term f is provided as an external analogue excitation. The hardware consists of three stacked 311 

differential CIM boards, a motherboard for interconnection, feedback routing, and PCB power 312 

distribution, a 32-channel analogue adder board, and NI PXIe modules for input-vector generation 313 

and high-speed output acquisition. 314 

The three differential CIM boards execute the signed MVM operation, with the corresponding 315 

signal-transfer path shown in Supplementary Fig. 15. On each board, the STM32F103ZCT6 316 

MCU configures the transfer-gate network to select the WL, BL, and SL connections of the target 317 

memristor macros for operation. The current iteration state xi is applied as input voltages and 318 

converted into complementary voltage pairs by AD823 operational-amplifier-based analogue 319 

inverter circuits. Each inverter is implemented as a unity-gain inverting amplifier. The non-320 

inverting input of the AD823 is grounded, the input voltage VIN is applied to the inverting input 321 

through a resistor R, and an equal feedback resistor R is connected between the output and the 322 

inverting input. The output voltage is therefore, 323 

 out IN IN in
in

,f
f

R
V V V R R R

R
= − = − = =  (S6) 324 

This circuit generates the complementary voltage –VIN from the applied input VIN, enabling 325 

the two paired memristor macros to be driven by differential input-voltage pairs for signed MVM.  326 

The iteration matrix B is mapped by AC-PoP into three compensation conductance matrices, 327 

G0, G1, and G2, which are programmed on three CIM boards. The output currents from the 328 

differential memristor macros are converted into voltages by AD823 operational-amplifier-based 329 

TIAs. In each TIA, the non-inverting input of the AD823 is grounded, and the feedback resistor 330 

RK converts the input current into an output voltage, 331 

 TIA outKV R I= −  (S7) 332 
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The TIA feedback resistors RK are set to 10 kΩ, 1 kΩ, and 100 Ω for three CIM boards, 333 

corresponding to the scaling factors K0=10, K1=1, K2=0.1, respectively. Therefore, the effective 334 

signed MVM implemented by the three differential CIM boards is Bxi=(K0G0+K1G1+K2G2)xi. 335 

The scaled voltage outputs from the selected N compensation CIM differential macros are 336 

routed through the motherboard to the 32-channel AD823-based analogue adder. Here, N is the 337 

number of AC-PoP cycles used in the current implementation, corresponding to N=1,2, or 3. Each 338 

adder channel is implemented as an AD823 operational-amplifier summing circuit with a non-339 

inverting bias input. The CIM output voltages are summed at the inverting node, while the vector 340 

term f is applied as a 32-channel analogue voltage Vf generated by the NI PXIe-6739 module and 341 

coupled to the non-inverting input through the R2-R1 resistor network. With R1=R2/N, the non-342 

inverting input voltage is V+=Vf /(N+1), which gives a unity contribution of Vf at the adder output 343 

after the closed-loop gain of the summing amplifier. Thus, after accounting for the sign inversion 344 

of the summing stage, the adder combines the scaled CIM outputs with f to complete the Jacobi 345 

iteration in Eq. S5. 346 

The resulting voltage vector represents xi+1 and is fed back through the motherboard to the 347 

CIM-board inputs for the next iteration. Meanwhile, two NI PXIe-6368 data-acquisition modules 348 

connected to the motherboard provide 32 acquisition channels for real-time voltage recording of x 349 

at a sampling rate of 2 MHz, until the analogue feedback loop reaches a stable converged voltage 350 

state. 351 

(2) Experimental validation of the mAIC system. 352 

For experimental validation, a predefined random 16×16 matrix-equation-solving instance 353 

was implemented on the mAIC system. The original numerical coefficient matrix was first 354 

transformed into the Jacobi iteration matrix B, and then mapped to the available memristor 355 

conductance range of 10–100 μS. The target and programmed conductance representations are 356 

shown in Supplementary Fig. 16. After AC-PoP programming with N=3, the programmed matrix 357 

closely matched the target matrix, with an absolute conductance mapping error below 0.1 μS for 358 

all matrix elements. The corresponding differential conductance distributions for the N=3 359 

implementation are shown in Supplementary Fig. 17. 360 

Based on the AC-PoP mapping, we further evaluated the continuous-time solving dynamics 361 

for N=1,2, and 3 (Supplementary Fig. 18). The measured voltage trajectories show nearly 362 
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identical convergence trends and comparable settling times, indicating that AC-PoP operates as a 363 

parallel matrix-compensation mechanism and does not alter the intrinsic convergence behaviour 364 

of the analogue Jacobi feedback loop. Meanwhile, the mean absolute solution error decreases from 365 

5.39×10−2 at N=1 to 1.92×10−3 at N=2, and further to 5.96×10−4 at N=3. Since the convergence 366 

behaviour remains almost unchanged from N=1 to N=3, whereas the final error decreases with 367 

improved conductance mapping accuracy, the solution error in this range is mainly dominated by 368 

matrix-mapping. These results show that AC-PoP improves the matrix-mapping accuracy for 369 

higher solution accuracy, while preserving the fully parallel, continuous-time convergence 370 

dynamics of the mAIC system. 371 

  372 
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 373 

Supplementary Fig. 14. Hardware architecture of the mAIC system. The mAIC system 374 

implements the Jacobi iteration xi+1=Bxi+f using three stacked differential CIM boards, a shared 375 

motherboard, a 32-channel analogue adder board, and an external NI PXIe system. The three CIM 376 

boards implement the AC-PoP programming and signed MVM, while the motherboard provides 377 

interconnection, feedback routing, and power distribution. The NI PXIe modules provide external 378 

vector excitation and high-speed voltage readout for monitoring the solving dynamics. 379 

  380 
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 381 

Supplementary Fig. 15. Signal-transfer path and analogue circuit design of the mAIC system. 382 

Each differential CIM board integrates two memristor macros, an MCU-controlled transfer-gate 383 

network, AD823-based analogue inverters, and AD823-based TIAs for signed MVM and output 384 

scaling. The motherboard provides CIM input distribution, CIM output collection, adder 385 

input/output routing, NI PXIe I/O interfacing, and feedback routing from the adder output to the 386 

CIM input. The analogue adder and array-switching board implement 32-channel AD823-based 387 

summing circuits to combine the scaled CIM outputs with the vector term f. Representative inverter, 388 

TIA, and adder circuits are also shown. 389 

  390 
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 391 

Supplementary Fig. 16. Conductance mapping of a predefined 16 × 16 random matrix 392 

equation. a, Original numerical coefficient matrix A. b, Target conductance matrix B obtained by 393 

mapping to the hardware conductance range. c, Programmed conductance after AC-PoP 394 

programming with N=3. d, Absolute programming error between the target and programmed 395 

matrices, with all errors below 0.1 μS. 396 

  397 
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 398 

Supplementary Fig. 17. Differential conductance matrix distributions for the N=3 AC-PoP 399 

implementation. The programmed conductance matrix in Supplementary Fig. 16 is represented 400 

by three groups of differential macros. 401 

  402 
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 403 

Supplementary Fig. 18. Hardware solution of the predefined random 16×16 matrix equation 404 

using the mAIC system. Measured voltage convergence traces and corresponding absolute errors 405 

for AC-PoP cycles with (a) N=1, (b) N=2, and (c) N=3. The mean absolute solution errors are 406 

5.39×10−2, 1.92×10−3, and 5.96×10−4, respectively. The convergence trends and settling behaviors 407 

remain nearly unchanged, while the final solution error decreases with increasing N. 408 

  409 
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Note 5: Solution accuracy analysis of the mAIC system 410 

The solution accuracy of the mAIC system is limited by hardware non-idealities at both the 411 

memristor-array level and the peripheral analogue-circuit level. Under ideal conditions, the 412 

original matrix equation solved by the mAIC system is 413 

 *Ax b=  (S8) 414 

where A is the original coefficient matrix, b is the input vector, and *x  is the ideal solution. In a 415 

practical mAIC system, conductance-mapping errors, voltage-input errors, device variations, 416 

leakage currents, IR-drop, finite amplifier gain, peripheral analogue offsets, and readout noise 417 

perturb the implemented matrix equation, causing the converged solution to deviate from *x . The 418 

resulting steady-state solving error depends on both the magnitude of these perturbations and the 419 

sensitivity of the original coefficient matrix A. The following perturbation analysis links these 420 

hardware-induced errors to the final solution accuracy and explains the observed dependence on 421 

the number of AC-PoP cycles N and the matrix condition number ( )Aκ . 422 

These hardware non-idealities are modelled as an equivalent matrix perturbation ΔA and an 423 

equivalent input-vector perturbation Δb. Effects such as programming errors, D2D variation, IR-424 

drop, leakage, and finite amplifier gain are mainly absorbed into ΔA, whereas input-voltage errors, 425 

peripheral offsets, and readout noise are mainly absorbed into Δb, although some non-idealities 426 

may contribute to both. Assuming that A is nonsingular and that the hardware-induced 427 

perturbations are sufficiently small, the effective matrix equation implemented by the practical 428 

mAIC system can therefore be expressed as: 429 

 ˆ( )A A x b b+ ∆ = + ∆  (S9) 430 

where x̂  is the solution obtained from the practical mAIC system after convergence. The solution 431 

error is defined as 432 

 *ˆx x x∆ = −  (S10) 433 

Substituting *x̂ x x= + ∆  into Eq. S9 and using the ideal relation *Ax b= , we obtain 434 

 *( )( )A A x x b b+ ∆ + ∆ = + ∆  (S11) 435 
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which gives 436 

 *A x Ax A x b∆ + ∆ + ∆ ∆ = ∆  (S12) 437 

When the hardware perturbations are sufficiently small, the second-order term ΔAΔx can be 438 

neglected. The first-order error relation is therefore 439 

 *A x b Ax∆ ≈ ∆ −∆  (S13) 440 

and the solution error can be approximated as 441 

 1 *( )x A b Ax−∆ ≈ ∆ −∆  (S14) 442 

Taking norms on both sides of Eq. S14 gives 443 

 ( )1 *x A b A x−∆ ∆ + ∆‖ ‖ ‖ ‖‖ ‖‖ ‖‖ ‖  (S15) 444 

After normalization by *x‖ ‖, the first-order relative solution error can be bounded as 445 

 1
* *

x bA A
x x

−∆ ∆ + ∆ 
 

‖ ‖ ‖ ‖
‖ ‖ ‖ ‖

‖ ‖ ‖ ‖
  (S16) 446 

Using *b Ax=  and *b A x≤‖‖ ‖‖‖ ‖ , this relation can be written in the normalized form 447 

 
* ( )x A bA

x A b
κ∆ ∆ ∆ + 

 

‖ ‖ ‖ ‖ ‖ ‖

‖ ‖ ‖‖ ‖‖
  (S17) 448 

where 449 

 1( )A A Aκ −=‖‖‖ ‖ (S18) 450 

is the condition number of the original coefficient matrix A. This expression shows that the steady-451 

state solving error is governed by two factors: the magnitude of hardware-induced perturbations 452 

and the sensitivity of the original matrix equation. 453 

The dependence on the number of AC-PoP cycles N is evaluated in Supplementary Figs. 19 454 

and 20. Increasing N progressively compensates the residual conductance-mapping error and 455 

therefore reduces the effective matrix perturbation ΔA. As a result, the converged solution obtained 456 
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from the mAIC system becomes closer to the ideal solution *x . The voltage-convergence traces 457 

and solution comparisons in Supplementary Fig. 19 show improved agreement between the 458 

hardware solution and the ideal solution as N increases. The solution error in Supplementary Fig. 459 

20 decreases rapidly at small N, indicating that the matrix-mapping error is the dominant error 460 

source in this regime. At larger N, the error reduction gradually saturates. This saturation suggests 461 

that, after the conductance-mapping error is sufficiently compensated, the remaining solution error 462 

is limited by circuit-level non-idealities that are not fully removed by additional AC-PoP cycles, 463 

such as amplifier offset, finite readout gain, input-voltage error, parasitic effects, and noise. 464 

Therefore, increasing N improves the solution precision only until matrix-mapping error is no 465 

longer the dominant contributor. Based on this trade-off between solution accuracy and 466 

compensation overhead, N=3 was used in the experimental demonstrations. 467 

The influence of matrix conditioning is evaluated in Supplementary Figs. 21 and 22 using 468 

matrices with different condition numbers of the original coefficient matrix A. For well-469 

conditioned matrices, the same level of hardware perturbation produces only a small deviation in 470 

the converged solution. As ( )Aκ  increases, perturbations in A and b are more strongly amplified, 471 

leading to larger deviations between x̂  and *x . The solution comparisons in Supplementary Fig. 472 

21 show this degradation in solving accuracy for matrices with larger condition numbers. 473 

Supplementary Fig. 22 further summarizes the extracted solution error as a function of ( )Aκ . 474 

The measured error shows an approximately linear increasing trend with ( )Aκ  with R2=0.95 for 475 

a linear fit. This observation is consistent with the first-order perturbation bound, in which ( )Aκ  476 

acts as an error-amplification factor. These results indicate that, even under comparable hardware 477 

perturbations, ill-conditioned matrices produce larger steady-state solution errors. 478 

Together, these results indicate that the solving precision of the mAIC system is determined 479 

by the residual hardware perturbations and their amplification by the target matrix. Increasing the 480 

number of AC-PoP cycles N reduces the matrix-mapping component of the perturbation, whereas 481 

the condition number ( )Aκ  determines how strongly the remaining perturbations are amplified 482 

in the final solution. This analysis explains the improved solution accuracy obtained by AC-PoP 483 

compensation and the reduced precision observed for ill-conditioned matrices.  484 
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 485 

Supplementary Fig. 19. Solution accuracy under different numbers of AC-PoP cycles N. 486 

Voltage convergence traces and solution comparisons obtained with different numbers of N. 487 

Increasing N improves the agreement between the mAIC solution and the ideal solution.  488 
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 489 

Supplementary Fig. 20. Dependence of solution error on the number of AC-PoP cycles. 490 

Relative solution error as a function of N. The error decreases rapidly at small N and saturates at 491 

larger N, motivating the use of N=3 as a trade-off between accuracy and compensation overhead. 492 

  493 
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 494 

Supplementary Fig. 21. Solution accuracy for matrices with different condition numbers. 495 

Representative coefficient matrices, voltage-convergence traces, and solution comparisons for 496 

matrices with different ( )Aκ . Larger ( )Aκ  produces larger deviations between the mAIC and 497 

ideal solutions.  498 
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 499 

Supplementary Fig. 22. Dependence of solution error on matrix condition number. Relative 500 

solution error as a function of ( )Aκ . The approximately linear trend with R2=0.95 is consistent 501 

with perturbation analysis, where ( )Aκ  amplifies hardware-induced errors. 502 

  503 
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Note 6: Stability of the analogue feedback iteration 504 

The following analysis focuses on the fixed-point iteration stability and assumes that the analogue 505 

building blocks are internally stable and that the feedback loop can be described by a quasi-static 506 

linear update. The mAIC feedback circuit implements the Jacobi iterative form, 1i ix Bx f+ = + , 507 

where xi is the voltage vector applied to the array input at the i-th iteration, matrix B is the iteration 508 

matrix implemented by the mapped conductance matrices, and f is the fixed vector term supplied 509 

by the external voltage source. As illustrated in Supplementary Fig. 23, the input voltage vector 510 

is applied to the differential memristor arrays to perform signed MVM. The output currents are 511 

converted into voltage signals by the TIAs, weighted by the selected gain factors, and then 512 

combined with the vector term f by the analogue adder to generate the next-state voltage xi+1. This 513 

voltage vector is routed back to the array input for the next iteration. 514 

For a fixed programmed matrix, this feedback process repeatedly applies the same linear state-515 

update relation. If *x  denotes the steady-state solution satisfying * *x Bx f= + , the deviation from 516 

this steady state, *
i ie x x= − , evolves as: 517 

 1i ie Be+ =  (S19) 518 

Thus, convergence of the feedback voltage state requires the iteration error to decay under repeated 519 

multiplication by matrix B. The convergence behaviour is therefore governed by the spectral radius 520 

of the iteration matrix, with stable convergence obtained when 521 

 ( ) 1Bρ <  (S20) 522 

where ρ(B) is the spectral radius of the iteration matrix B. Under this condition, the error introduced 523 

in the feedback voltage state is progressively attenuated. When ρ(B) approaches one, the 524 

attenuation becomes slower and the circuit requires a longer settling time. When ( ) 1Bρ ≥ , the 525 

feedback voltage state cannot converge to a bounded steady state. 526 

To verify this spectral-radius dependence, we constructed a group of iteration matrices with similar 527 

sparse structures but different spectral radii. The representative matrices and the corresponding 528 

voltage-convergence traces are shown in Supplementary Fig. 24. When the spectral radius is 529 

small, the voltage states rapidly approach their steady values within a short settling time. As the 530 
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spectral radius increases, the convergence traces become progressively slower, indicating weaker 531 

error attenuation in the feedback loop. These results confirm that the convergence speed of the 532 

mAIC feedback circuit is primarily determined by the spectral radius of the implemented iteration 533 

matrix. 534 

This trend is consistent with the error-propagation relation derived above. During repeated 535 

feedback, the dominant error component is associated with the eigenvalue of matrix B with the 536 

largest magnitude. Therefore, a larger ρ(B) produces slower error decay and longer voltage settling. 537 

Supplementary Fig. 25 summarizes the extracted settling time as a function of ρ(B). The fitted 538 

curve shows a nonlinear increase in settling time as ρ(B) approaches one, which agrees with the 539 

convergence condition ( ) 1Bρ <  and explains the slower convergence observed in 540 

Supplementary Fig. 24. 541 

For the damped Jacobi formulation used in the path-planning task, the feedback loop implements 542 

the effective iteration: 543 

 1i ix Bx f+ = +   (S21) 544 

where (1 )B I Bω ω= − + , and f fω= . 545 

Here, ω is the relaxation factor. The stability condition is therefore determined by the spectral 546 

radius of the effective iteration matrix, 547 

 ( ) 1Bρ <  (S22) 548 

If iλ  is an eigenvalue of matrix B, the corresponding eigenvalue of B  is 549 

 (1 )i iλ ω ωλ= − +  (S23) 550 

The relaxation factor changes the eigenvalue distribution of the effective iteration matrix and can 551 

therefore be used to tune the convergence behaviour for a given implemented matrix. By selecting 552 

ω, the convergence behaviour can be adjusted for the implemented matrix, with a trade-off 553 

between stability margin and convergence speed. 554 
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In hardware, the damped matrix B  is implemented by remapping the target conductance matrices, 555 

whereas the damped vector term f  is supplied by rescaling the external voltage inputs. Thus, the 556 

damping factor changes the matrix actually implemented by the feedback loop rather than acting 557 

as a post-processing step after analogue solving. This formulation allows the convergence 558 

behaviour to be adjusted through the effective iteration matrix while keeping the feedback 559 

topology unchanged.  560 



 
 

43 
 

 561 

Supplementary Fig. 23. Equivalent circuit model of the mAIC feedback iteration. Equivalent 562 

analogue feedback circuit implementing the fixed-point update 1i ix Bx f+ = + . The labelled 563 

resistors set the TIA scaling factors and the adder weighting ratios.  564 
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 565 

Supplementary Fig. 24. Voltage convergence under iteration matrices with different spectral 566 

radii. Representative iteration matrices and corresponding voltage-convergence traces for 567 

different spectral radii ( )ρ B . The voltage settling becomes slower as ( )ρ B  increases towards one, 568 

consistent with weaker attenuation of the feedback-state error. 569 

  570 
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 571 

Supplementary Fig. 25. Relationship between spectral radius and settling time. Extracted 572 

convergence time as a function of the spectral radius ρ(B). The fitted curve shows a nonlinear 573 

increase in settling time as ρ(B) approaches one, consistent with the convergence condition ρ(B)<1. 574 

  575 
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Note 7: SLAM backend construction and performance benchmark 576 

(1) SLAM equation construction and solution 577 

The SLAM backend localization task evaluated in Fig. 3 was constructed from the first 20 578 

frames of KITTI sequence 003. The original vehicle trajectory was projected onto the ground plane 579 

and temporally down-sampled to form a compact two-dimensional SLAM backend localization 580 

problem. Each pose was represented by a planar state vector, 581 

 , ,[ , , ]T
i x i y i ip p p θ=  (S24) 582 

where px,i and py,i denote the horizontal translation components and θi denotes the yaw angle. The 583 

out-of-plane motion components were removed. The active optimization state in a local window 584 

was then defined as 585 

 1 2[ , , , ]T T T T
mx p p p= …  (S25) 586 

where m is the number of active poses in the sliding window. Relative-pose constraints between 587 

temporally adjacent states were used as odometry edges in the local pose graph. For an edge 588 

connecting poses i and j, the residual eij(x) measures the mismatch between the relative 589 

transformation predicted from the current pose estimates and the measured relative pose obtained 590 

from the KITTI trajectory. The backend objective was formulated as a weighted nonlinear least-591 

squares problem, 592 

 593 

 
( , )

min ( ) ( )x
T

ij ij ij
i j

e x e x
∈

Ω∑


 (S26) 594 

where ε is the set of relative-pose constraints and Ωij is the corresponding information matrix. 595 

At each Gauss–Newton step, the residuals were first-order linearized around the current pose 596 

estimate x, 597 

 ( ) ( )e x x e x J x+ ∆ ≈ + ∆  (S27) 598 

where J is the residual Jacobian and Δx is the stacked pose increment to be solved. Substituting 599 

this linearized residual into the least-squares objective gives the matrix equation, HΔx=g, with 600 
TH J J= Ω and g = TJ e− Ω ,  601 
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Here, Ω is the block-diagonal information matrix, H is the approximate Hessian matrix, and 602 

g is the residual-dependent gradient vector. The solved increment Δx was then applied to update 603 

the active pose states. 604 

To map this matrix equation to the mAIC system, the matrix equation was reformulated into 605 

the Jacobi fixed-point form. By decomposing H=D+R, where D is the diagonal component of H 606 

and R contains the off-diagonal entries, the Jacobi iteration for solving Δx is 607 
1 1 x D R x D g− −∆ = − ∆ + . 608 

This formulation matches the hardware iteration form xi+1=Bxi+f used in the mAIC system, 609 

with the hardware voltage state representing the current estimate of the Gauss–Newton increment 610 

Δx. 611 

To maintain compatibility with the implemented 32×32 solver macro, backend optimization 612 

was performed on a sliding local window rather than on the full sequence-scale system. Because 613 

each planar pose contributes three state variables, a 10-pose window yields a 30-dimensional 614 

active system. This window size maximizes array utilization while avoiding truncation of the local 615 

state vector. As the window advanced, matrix construction and remapping were confined to the 616 

active local subproblem, so the update remained local instead of requiring reprogramming of an 617 

entire trajectory-scale matrix. When a pose left the active window, its effect on the remaining states 618 

was preserved by marginalization and absorbed into a prior factor on the retained variables. This 619 

allowed the local problem to maintain continuity with the previous trajectory estimate without 620 

carrying all past states in the active system. The mapped matrix and vector were further scaled to 621 

the operating ranges of the hardware, with conductance values constrained to 10 to 100 μS and 622 

input voltages constrained to 0 to 0.5 V. 623 

The digital reference followed the same task construction and linearization procedure, while 624 

the equation HΔx=g was solved numerically. For the trajectory comparison in Fig. 3k, an early 625 

20-frame segment of the evaluated sequence was reconstructed and compared with both the digital 626 

reference and the KITTI-derived ground-truth trajectory. The reported relative translation error 627 

was defined as the mean aligned two-dimensional position error normalized by the path length of 628 

the corresponding ground-truth segment. 629 
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Supplementary Fig. 26 shows the original SLAM backend matrix H and the corresponding 630 

Jacobi iteration matrix B. The matrix was then mapped onto the mAIC system using AC-PoP with 631 

different cycle numbers N. As N increased from 1 to 3, the relative conductance mapping error 632 

decreased from 6.51% to 0.09%, as shown in Fig. 3f. This improved matrix mapping directly 633 

enhanced the MVM accuracy and the final solution accuracy. Supplementary Fig. 27 reports the 634 

MVM NRMSEs for N=1 and N=2, with values of 12.80% and 5.83%, respectively. Together with 635 

the N=3 result in Fig. 3g, the MVM NRMSE decreased to 0.59% after three AC-PoP cycles. 636 

Supplementary Fig. 28 presents the voltage-convergence traces and corresponding absolute 637 

solution errors for N=1 and N=2, with errors of 3.67×10−2 and 3.02×10−3, respectively. At N=3, 638 

the mean solution error further decreased to 4.57×10−4, and the hardware solver converged within 639 

331 μs, as shown in Fig. 3h and Fig. 3i. Consequently, the relative solution error at N=3 was 640 

reduced by 75.8-fold compared with that at N=1. The trajectory reconstructed from the mAIC 641 

solution achieved a relative translation error of 0.49%, comparable to the 0.39% obtained with the 642 

CPU direct-solve reference. 643 

(2) Latency and energy benchmark 644 

We further evaluated the solve-stage latency and energy consumption of the SLAM backend 645 

problem, as summarized in Supplementary Fig. 29. The benchmark focused on the matrix 646 

equation solving stage after matrix and vector construction. Image acquisition, SLAM frontend 647 

processing, matrix construction, data communication, and robot-control execution were excluded, 648 

so that the comparison reflected the computational cost of solving the same SLAM backend matrix 649 

equation. The digital baselines solved the same linearized system derived from the KITTI sequence. 650 

The NVIDIA Jetson power was obtained from tegrastats during execution, whereas the Intel i7-651 

13700K power was estimated from CPU utilization sampled by psutil after subtracting an idle-652 

utilization baseline. 653 

The average solution latency of the mAIC system was measured from the continuous-time 654 

voltage settling process, TmAIC=0.332 ms. The average software solving latency was TJetson=8.55 655 

ms for the NVIDIA Jetson baseline and Ti7=4.04 ms for the Intel i7-13700K baseline. Thus, the 656 

mAIC system achieved 25.8-fold and 12.2-fold reductions in SLAM backend solution latency 657 

relative to the NVIDIA Jetson and Intel i7-13700K baselines, respectively. 658 
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For the SLAM backend task, the active local system contained 30 state variables, 659 

corresponding to a 10-pose sliding window with three variables per pose. The hardware 660 

implementation used three differential array pairs, corresponding to six memristor macros, to 661 

implement the signed iteration matrix. The high-resistance state and low-resistance state of the 662 

memristor devices were RHRS=100 kΩ, RLRS=10 kΩ. So, the average resistance of an active device 663 

was approximated as 664 

 HRS LRS
avg 55 k

2
R RR +

= = Ω  (S28) 665 

The average power of one active memristor is 666 

 
2 2

avg 7
device

avg

0.2 7.27 10 W 0.727 W
55000

V
P

R
µ−= = ≈ × =  (S29) 667 

For the 30-dimensional SLAM backend system, each macro contained 30×30 active devices, 668 

and six macros were used. Therefore, the total number of active memristor devices was 669 

Nactive=30×30×6=5400. The total power of the active memristor macros was then 670 

 macro active device 5400 0.727 W 3.93 mWP N P µ= = × ≈  (S30) 671 

The power consumption of the peripheral operational amplifiers was estimated from their 672 

output load-driving power under the worst-case computing condition. In this estimate, the 673 

memristor load was assumed to be in the low-resistance state, RLRS=10 kΩ, and the maximum 674 

computing voltage was taken as Vmax= 2Vavg= 0.4 V. Thus, the peak output current required from 675 

one amplifier channel is 676 

 max
amp

LRS

0.4 40 A
10000

VI
R

µ= = =  (S31) 677 

Using an effective supply voltage of Vsupply=12 V, the power of one operational amplifier 678 

channel is estimated as 679 

 amp amp supply 40 A 12 V 0.48 mWP I V µ= = × =  (S32) 680 
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With 90 operational amplifier channels, the total amplifier power is Pamps=43.2 mW. 681 

Therefore, the total dynamic solving power of the mAIC system is 682 

 am paA cC rm I mo s 3.93 mW 43.2 mW 47.13 mWP P P= + = + =  (S33) 683 

With a measured SLAM backend solving latency of 0.332 ms, the mAIC solution energy was 684 

 3 5
mAIC mAIC mAIC 47.13 10 0.332 ms 1.56 10 JWE P T − −= = × × = ×  (S34) 685 

For the digital baselines, the solution energy was calculated using the measured average 686 

active power during software solving. The NVIDIA Jetson baseline had an average solving latency 687 

of 8.54 ms, and an average power of 1.87 W. Thus, its solution energy was 1.60×10-2 J. The Intel 688 

i7-13700K baseline had an average solving latency of 4.04 ms, and an average active power of 689 

7.67 W. Thus, its solution energy was 3.19×10-2 J. Accordingly, the energy reduction of the mAIC 690 

system relative to the NVIDIA Jetson baseline was 1023.3×. These latency and energy values were 691 

used for the benchmark comparison in Supplementary Fig. 29. The results show that the mAIC 692 

system solves the KITTI-derived SLAM backend problem with digital-comparable trajectory 693 

accuracy while reducing both solution latency and solution energy relative to edge digital 694 

processors. 695 

  696 
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 697 

Supplementary Fig. 26. SLAM backend matrix and iteration matrix. a, Original backend 698 

matrix H from the local 2D SLAM problem. b, Corresponding Jacobi iteration matrix B for mAIC 699 

solving. 700 

  701 
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 702 

Supplementary Fig. 27. MVM accuracy for the SLAM iteration matrix. MVM results for (a) 703 

N=1 and (b) N=2, with NRMSEs of 12.80% and 5.83%, respectively. 704 

  705 
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 706 

Supplementary Fig. 28. Hardware solution of the SLAM backend problem. Voltage 707 

convergence traces and absolute errors for (a) N=1 and (b) N=2, with errors of 3.67×10-2 and 708 

3.02×10-3, respectively. 709 

  710 



 
 

54 
 

 711 

Supplementary Fig. 29. Latency and energy comparison for SLAM backend solving. a, 712 

Average solution latency of the mAIC system, NVIDIA Jetson, and Intel i7-13700K when solving 713 

the same KITTI-derived SLAM backend matrix equation. The mAIC system achieves 25.8-fold 714 

and 12.2-fold latency reductions relative to the NVIDIA Jetson and Intel i7-13700K baselines, 715 

respectively. b, Overall solution energy calculated from the measured active power and solution 716 

latency of each platform. The mAIC system reduces the solution energy by 1023.3-fold relative to 717 

the NVIDIA Jetson baseline. 718 

  719 
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Note 8: Validation and performance benchmark for real-world AMR path planning 720 

(1) Problem formulation 721 

The real-world mobile robotics task in Fig. 4 was formulated as a two-dimensional path-722 

planning problem based on a scalar potential field. Let u(x,y) denote the planning potential over 723 

the free space. In the obstacle-free interior region, the potential satisfies the Laplace equation: 724 

 2 ( , ) 0u x y∇ =  (S35) 725 

subject to boundary conditions imposed by the target, obstacle boundaries, and the outer boundary 726 

of the local planning region. The navigation path was obtained by following the descending 727 

direction of the resulting potential field. To enable execution on the mAIC system, the continuous 728 

domain was discretized on a finite grid, yielding a sparse matrix equation Ax=b, where x collects 729 

the unknown node potentials within the planning window, matrix A is the sparse coefficient matrix 730 

determined by the local finite-difference stencil, and vector b contains the contributions from the 731 

predefined boundary conditions. 732 

For a standard five-point discretization, each interior free-space node is coupled only to its 733 

nearest-neighbour nodes. The resulting coefficient matrix therefore has a sparse local structure, 734 

with the diagonal term determined by the self-node coefficient and the off-diagonal terms 735 

determined by the adjacent grid nodes. Target, obstacle, and outer-boundary constraints were 736 

imposed as boundary conditions and incorporated into the right-hand-side term b. In the 737 

experimental implementation, the target boundary was assigned a low potential, whereas obstacle 738 

and outer-boundary nodes were assigned high potentials, so that the planned path could be 739 

extracted by following the local descending direction of the solved potential field. Under this 740 

formulation, each local planning problem was reduced to a sparse matrix equation over the active 741 

sliding window, making it compatible with analogue matrix-vector multiplication in the mAIC 742 

system. 743 

To deploy this planning problem on the mAIC system, the discretized system was directly 744 

expressed in the damped Jacobi form: 745 

 1i ix Bx f+ = +   (S36) 746 
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with (1 )B I Bω ω= − + , f fω= . Here, 1B D R−= −  and 1f D b−=  are the standard Jacobi 747 

iteration matrix and vector obtained by decomposing A D R= + , and ω is the relaxation factor. In 748 

the mAIC implementation, the memristor macros store the effective damped iteration matrix B , 749 

whereas the external voltage-input path supplies the effective vector term f . Thus, damping is 750 

incorporated directly into the mapped conductance weights and the input voltage vector, rather 751 

than being applied as a separate post-processing step. The relaxation factor was selected to keep 752 

the damped iteration matrix within the stable convergence regime while maintaining a short 753 

settling time. 754 

To match the physical array size and analogue operating range, path planning was performed 755 

within a sliding local window instead of over the full environment. At each replanning step, the 756 

local map region around the robot and nearby obstacles was projected onto the solver. The active 757 

planning window was chosen so that the number of unknown node potentials remained compatible 758 

with the implemented mAIC solver dimension. The corresponding B  and f  were then scaled to 759 

the conductance and voltage ranges supported by the mAIC system. This local-window 760 

formulation preserves the boundary information required for replanning while keeping the matrix 761 

dimension within the hardware-compatible range. 762 

Environmental changes did not always require matrix reprogramming. When the free-space 763 

topology and local discretization stencil within the sliding window remained unchanged, the 764 

effective matrix B  stored on the memristor macros was retained. In this case, replanning only 765 

required refreshing f through the voltage-input path, without modifying the programmed 766 

conductance states. When obstacle entry or boundary changes altered the local free-space topology 767 

or discretization stencil, the updated system produced new iterative quantities 1( )B t  and 1( )f t . For 768 

a fixed relaxation factor ω, the corresponding updates are 769 

 [ ]1 0 1 0( ) ( ) ( ) ( )B B t B t B t B tω∆ = − = −    (S37) 770 

and 771 

 [ ]1 0 1 0( ) ( ) ( ) ( )f f t f t f t f tω∆ = − = −    (S38) 772 
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Accordingly, vector-only replanning steps were implemented by refreshing the external 773 

voltage inputs, whereas matrix-changing replanning steps triggered in situ AC-PoP updates of the 774 

affected memristor weights together with the corresponding update of f . This update rule 775 

restricts conductance reprogramming to local changes in the planning matrix and avoids 776 

unnecessary matrix updates when the local stencil is unchanged. 777 

In the real-world demonstration, this formulation embedded AC-PoP into the dynamic 778 

replanning loop. Most replanning steps required only voltage-level updates of f , whereas 779 

conductance-level updates of B  were invoked only when the local planning matrix changed. 780 

Across the 40-step replanning sequence, only four steps involved matrix-update events, while the 781 

remaining steps were handled by vector-term refresh. The experimental platform is shown in 782 

Supplementary Fig. 30, including the obstacle-navigation arena, host-control computer, mAIC 783 

hardware, and signal-generation/testing modules. Representative voltage-convergence traces and 784 

solution-error comparisons at selected replanning steps are shown in Supplementary Fig. 31, 785 

showing stable voltage convergence and low solution error during dynamic path planning. 786 

(2) Performance evaluation 787 

To evaluate the system performance of the proposed mAIC system in the real-world path 788 

planning task, we compared its end-to-end latency and energy consumption with two digital 789 

computing platforms: an Intel i7-13700K CPU and an NVIDIA Jetson Orin Nano 8GB. All 790 

platforms were evaluated under the same convergence criterion, where the optimization error 791 

reaches 10−3 after 40 solving iterations. 792 

The end-to-end latency is defined as the total time required to complete all solving iterations. 793 

For digital platforms, it is calculated as Ttotal=Nsolvetsolve, where Nsolve=40 and tsolve is the average 794 

latency of a single solve. The corresponding energy consumption is estimated by Etotal=PavgTtotal, 795 

where Pavg is the measured average active power during computation. For the mAIC system, the 796 

end-to-end latency includes both the mAIC solving latency and the memristor programming 797 

latency: TmAIC=Tsolve+Tprogram. The total energy consumption is estimated as EmAIC=Esolve+Eprogram. 798 

The solving-stage power of the mAIC system was estimated using the same active-macro and 799 

peripheral-amplifier power model introduced in Note S7. For the path-planning task, the active 800 
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local system contained 25 unknown node potentials. The implementation used three differential 801 

array pairs, corresponding to six memristor macros. Therefore, the number of active memristor 802 

devices was Nactive= 25×25×6=3750. Using Ravg=55 kΩ and Vavg=0.2 V, as defined in Note S7, 803 

the active macro power was 804 

 macro active device 3750 0.727 W 2.73 mWP N P µ= = × ≈  (S39) 805 

Each differential array pair produced a 25-dimensional output vector and therefore required 806 

25 output amplification channels. For three differential array pairs, Namps=25×3=75.  807 

Using the same worst-case load-driving estimate in Note S7, the load-driving power of one 808 

operational-amplifier channel was 0.48 mW. Thus, 809 

 amps 75 0.48 mW 36.0 mWP = × =  (S40) 810 

The total solving-stage power of the mAIC system for the path-planning task was therefore 811 

 am paA cC rm I mo s 2.73 mW 36.00 mW 38.73 mWP P P= + = + =  (S41) 812 

The average analogue solving latency is approximately 552 μs per solve (Supplementary 813 

Fig. 31). Thus, for 40 solving iterations,  814 

 solve 40 552 s 22080 sT µ µ= × =  (S42) 815 

The corresponding analogue solving energy is 816 

 4
solve 38.73 mW 22.08 ms 8.55 10 JE −= × ≈ ×  (S43) 817 

For AC-PoP-based programming, the number of updated weights is 84×3=252. With a 818 

programming pulse width of 7 μs, the total programming latency is 819 

 program,AC-PoP 252 7 s 1764 sT µ µ= × =  (S44) 820 

The average programming voltage and resistance are 1.9 V and 55 kΩ, respectively. The 821 

programming power per active device is therefore estimated as 822 
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2

5
program

1.9 6.56 10 W
55,000

P −= ≈ ×  (S45) 823 

Including all programming events, the total AC-PoP programming energy is estimated to be 824 

 7
program,AC-PoP 1.15 10 JE −= ×  (S46) 825 

Therefore, the total latency and energy of mAIC with AC-PoP are 826 

 AC-PoP 22080 s 1764 s 23844 sT µ µ µ= + =  (S47) 827 

 4 7 4
AC-PoP 8.55 10 J+1.15 10 J 8.55 10 JE − − −= × × ≈ ×  (S48) 828 

For WVP-based programming, the average energy consumption and latency are 829 

approximately 101× and 345× compared with AC-PoP, as calculated in Fig. 2G and 2H. The total 830 

programming energy and latency therefore increase to 831 

 program,WVP 1764 s 345 608580 sT µ µ= × =  (S49) 832 

 5
program,WVP 1.17 10 JE −= ×  (S50) 833 

Thus, the total latency and energy of mAIC with WVP are 834 

 WVP 22080 s 608580 s 630660 sT µ µ µ= + =  (S51) 835 

 4 5 4
WVP 8.55 10 J+1.17 10 J 8.66 10 JE − − −= × × ≈ ×  (S52) 836 

For the digital baselines, the Intel i7-13700K CPU achieves an average solving latency of 837 

600.3 μs per iteration. The total latency for 40 iterations is  838 

 i7 40 600.3 s 24012 sT µ µ= × =  (S53) 839 

With an average active power of 3.24 W, the total energy consumption is 840 

 i7 3.24 W 24.012 ms 0.0778 JE = × =  (S54) 841 
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The NVIDIA Jetson Orin Nano 8GB shows an average solving latency of 2611.9 μs per 842 

iteration, leading to 843 

 Jetson 40 2611.9 s 104476 sT µ µ= × =  (S55) 844 

With an average active power of 5.14 W, its total energy consumption is 845 

 Jetson 5.14 W 104.476 ms 0.537 JE = × =  (S56) 846 

The latency and energy values calculated above were used for the benchmark comparison in 847 

Fig. 4h and Fig. 4i. In Fig. 4h, the total latency of mAIC with AC-PoP was compared with those 848 

of mAIC with WVP, the Intel i7-13700K CPU, and the NVIDIA Jetson baseline under the same 849 

40-iteration convergence setting. The AC-PoP-based mAIC system achieved an average latency 850 

of approximately 0.65 ms per solve, corresponding to a 4.4× reduction relative to the NVIDIA 851 

Jetson baseline and a 26.5× reduction relative to WVP-based updating. In Fig. 4i, the 852 

corresponding total energy consumption was compared across the same platforms. The AC-PoP-853 

based mAIC system consumed approximately 8.55×10−4 J, giving 91.0× and 627.9× lower energy 854 

than the Intel i7-13700K CPU and NVIDIA Jetson baseline, respectively. These results indicate 855 

that AC-PoP reduces the matrix-update overhead during real-world AMR path planning and 856 

enables the mAIC system to maintain low-latency and low-energy operation during dynamic 857 

obstacle-aware replanning. 858 

  859 
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 860 

Supplementary Fig. 30. Real-world AMR path-planning platform. The platform includes the 861 

obstacle-navigation arena, the host PC for environment processing and robot control, the mAIC 862 

system for analogue iterative solving, and the signal-generation/testing modules for voltage input 863 

and solution readout. 864 

  865 
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 866 

Supplementary Fig. 31. Representative convergence results in path planning. Voltage-867 

convergence traces and solution-error comparisons at representative replanning steps. The mAIC 868 

system maintains stable convergence and low solution error during dynamic path planning. 869 

  870 
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Note 9: Scalability analysis of the row-block mAIC architecture 871 

To support the row-block mAIC formulation used in Fig. 5, we evaluated the latency scaling 872 

of continuous-time analogue solving and the accuracy limitation of monolithic array scaling.  873 

Supplementary Fig. 32 presents the solving latency for matrix equations with different 874 

matrix dimensions under comparable convergence conditions. In an ideal sufficiently large array, 875 

where wire resistance and peripheral bandwidth are not the dominant limitations, the mAIC 876 

feedback circuit converges with similar settling times across different matrix sizes, with an average 877 

settling time of approximately 388 ns. This behaviour arises because the continuous-time iterative 878 

trajectory is governed primarily by the feedback dynamics, the spectral radius of the implemented 879 

iteration matrix, and the circuit bandwidth, rather than by sequential traversal of matrix elements. 880 

Therefore, the result indicates near-O(1) latency scaling for the tested class of systems, under 881 

comparable spectral-radius and convergence-threshold conditions. 882 

However, this ideal latency scaling does not imply that a single monolithic array can be 883 

enlarged indefinitely. Supplementary Fig. 33 evaluates the accuracy penalty introduced by wire 884 

resistance during array-size scaling. As the array dimension increases, line resistance produces 885 

spatially dependent voltage drops along the input and output paths, causing the effective device 886 

voltages and accumulated column currents to deviate from their ideal values. This deviation 887 

perturbs the implemented MVM operation and can be represented as an equivalent matrix 888 

perturbation in the iterative solver. According to the perturbation analysis in Note S5, such 889 

hardware-induced matrix perturbations increase the residual solution error after convergence. Thus, 890 

monolithic array scaling can preserve the latency advantage in principle, but it progressively 891 

degrades solution accuracy in practice. 892 

These two observations define the architectural requirement for scalable mAIC: the array size 893 

within each compute unit should remain bounded to limit wire-resistance-induced errors, whereas 894 

the system dimension should be increased by distributing the matrix computation across multiple 895 

units. The row-block mAIC architecture in Supplementary Fig. 34 follows this principle. The 896 

global iteration matrix is partitioned into row blocks, and each processing element (PE) 897 

implements the local MVM associated with its assigned block using size-limited TIA-based 898 

memristor macros. The required state-vector components are supplied through the routing network, 899 
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and the local analogue outputs are combined with the corresponding vector terms to form the next-900 

state voltages. Boundary AD/DA interfaces provide block-level and system-level signal exchange, 901 

while the internal row-block computation remains within the analogue feedback loop. 902 

This organization also preserves the locality of matrix updates. When the robotic workload 903 

changes only in a local region, the corresponding perturbation affects a limited subset of matrix 904 

blocks. The AC-PoP controller therefore programs only the affected local macros, while the 905 

remaining blocks retain their previous conductance states. In this way, the architecture avoids both 906 

full-matrix remapping and excessive monolithic array enlargement. It therefore extends 907 

continuous-time mAIC solving to larger sparse robotic systems by scaling the number of 908 

processing elements rather than the physical size of a single memristor array. 909 

 910 

  911 
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 912 

Supplementary Fig. 32. Latency analysis for solving different matrix sizes. (a) to (e) Voltage-913 

convergence traces of mAIC solving for matrix equations with different matrix sizes. f, The 914 

average settling time is approximately 388 ns, indicating near-O(1) latency scaling under the tested 915 

ideal-array conditions. 916 

  917 
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 918 

Supplementary Fig. 33. Impact of array wire resistance on solving accuracy. Simulated 919 

solution errors of monolithic memristor arrays with different array sizes and wire resistances. 920 

Increasing array size enhances IR-drop-induced matrix perturbations and increases the residual 921 

solution error. 922 

  923 
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 924 

Supplementary Fig. 34. Scalable row-block mAIC architecture. Schematic of the row-block 925 

mAIC architecture. The global iteration matrix is distributed across multiple processing elements, 926 

while local AC-PoP updates are confined to the affected memristor macros. 927 

  928 
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Note 10: Performance benchmark of scaled mAIC to 28 nm node 929 

To evaluate the performance of a fully integrated mAIC chip at an advanced node, we 930 

performed an equivalent scaling analysis for the same real-world AMR path planning task. The 931 

algorithmic workload, the number of mAIC solving operations, and the number of matrix-element 932 

updates were kept unchanged, while the circuit-level power and delay parameters were scaled to 933 

the 28-nm node. For the mAIC solving stage, the macro power was kept at 2.73 mW, following 934 

Eq. S30. For the operational-amplifier peripheral circuits, the supply voltage at the 28-nm node 935 

was set to 1.0 V, consistent with the nominal core-supply options of 28-nm CMOS technologies4. 936 

According to Eq. S32, the corresponding operational-amplifier power was estimated to be 3.00 937 

mW. Therefore, the total mAIC solving power at the 28-nm node was 5.73 mW. 938 

The single mAIC solving latency was estimated from the benchmark using the OPA690 939 

operational amplifier, which has a gain–bandwidth product (GBWP) of 500 MHz. Based on this 940 

high-GBWP analogue front end, one mAIC solving operation was taken as approximately 120 ns5. 941 

For the real-world AMR path planning task, the total solving latency was therefore 942 

 solve 120 40 ns 4.8 sT µ= × =  (S57) 943 

The corresponding solving energy was 944 

 8
solve solve solve 5.73 mW 4.8 s 2.75 10 JE P T µ −= = × = ×  (S58) 945 

The latency values used in this 28-nm scaling analysis differ from those in the previous board-946 

level implementation. In the board-level experiments, 2-μs programming and 5-μs read pulses 947 

were used to ensure reliable operation under PCB parasitics, external wiring, and commercial 948 

instrument limitations. In a fully integrated 28-nm SoC, the write/read drivers can be placed close 949 

to the memristor array, reducing extrinsic RC delay. Therefore, a 150-ns program-read cycle is 950 

assumed for the scaled update benchmark. The 120-ns solving latency corresponds to analogue 951 

settling of the mAIC system, whereas the 150-ns program-read cycle corresponds to memristive 952 

conductance updating. 953 

For the matrix-updating stage, the write power was kept the same as that in Eq. S45, namely 954 

6.56×10−5 W. With the same number of matrix updates, Eqs. S44, S46, S48, and S49 give 955 



 
 

69 
 

 program,AC-PoP 37.8 sT µ=  (S59) 956 

 9
program,AC-PoP 2.48 10 JE −= ×  (S60) 957 

 program,WVP 13041 sT µ=  (S61) 958 

 7
program,WVP 8.83 10 JE −= ×  (S62) 959 

Combining the solving and matrix-updating stages gives 960 

 total,AC-PoP solve program,AC-PoP 4.8 s 37.8 s 42.6 sT T T µ µ µ= + = + =  (S63) 961 

 8 9 8
total,AC-PoP solve program,AC-PoP 2.75 10 J+2.48 10 J 3.00 10 JE E E − − −= + = × × ≈ ×  (S64) 962 

 total,WVP 4.8 s 13041 s 13045.8 sT µ µ µ= + =  (S65) 963 

 8 7 7
total,WVP solve program,WVP 2.75 10 J+8.55 10 J 8.83 10 JE E E − − −= + = × × ≈ ×  (S66) 964 

Therefore, after scaling to the 28-nm node, AC-PoP achieves a total latency of 42.6 μs and a 965 

total energy of 3.00×10−8 J, corresponding to 306.2× lower latency and 29.4× lower energy than 966 

WVP for the same real-world AMR path-planning task (Supplementary Fig. 35). 967 

The solve-update breakdown further shows that AC-PoP primarily reduces the update 968 

overhead. The update-stage latency contribution decreases from >99.9% in WVP to 88.7% in AC-969 

PoP, while the update-stage energy contribution decreases from 96.9% to 8.3% (Supplementary 970 

Fig. 36). These results indicate that AC-PoP is particularly beneficial for AMR workloads 971 

requiring frequent and accurate matrix updates. 972 

 973 

  974 
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 975 

Supplementary Fig. 35. Latency and energy comparison between AC-PoP and WVP. Total 976 

latency and energy of the 180-nm and 28-nm mAIC system. AC-PoP reduces total latency and 977 

energy by approximately 306.2-fold and 29.4-fold in the scaled mAIC system, respectively. 978 

  979 
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 980 

Supplementary Fig. 36. Solve-update contribution analysis. Latency and energy contributions 981 

of solving and matrix updating in the 28-nm scaled mAIC system. AC-PoP reduces the update 982 

contribution from 99.9% to 88.7% in latency and from 96.9% to 8.3% in energy. 983 

  984 
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Note 11: Benchmark normalization of prior CIM solvers 985 

To compare the mAIC system with prior CIM-based linear solvers under a common robotics-986 

oriented solve-update workload, we used the per-unknown accounting summarized in 987 

Supplementary Table 2. The digital processor baselines follow the task-matched measurements 988 

described in Materials and Methods. Here, we place reported CIM solvers on the same solve–989 

update basis by normalizing problem dimension, reconstructing missing solve-stage metrics when 990 

required, and estimating matrix-update overheads that were not explicitly reported. 991 

The problem size was denoted by dimN , defined as the dimension of the solved matrix 992 

equation. For each platform, solveT  and solveE  denote the latency and energy of one complete solve. 993 

Matrix remapping or weight programming was described by a platform-specific update event with 994 

latency updT  and energy updE . When the original work only reported or implied a primitive update 995 

operation, such as programming one analogue memory cell or one effective digital weight, the 996 

event-level update cost was calculated as, upd upd updT n τ=  and upd upd updE n=  , where updτ  and upd  997 

are the latency and energy of the elementary update primitive, and updn  is the effective number of 998 

updated units in one matrix-update event. For platforms whose reported update cost already 999 

corresponds to one complete update event, updT  and updE  were used directly. 1000 

For a workload containing solveN  solve events and updateN  matrix-update events, the 1001 

normalized latency and energy were calculated as 1002 

 solve solve update upd
norm

dim

N T N T
T

N
+

=  (S67) 1003 

 solve solve update upd hold
norm

dim

N E N E E
E

N
+ +

=  (S68) 1004 

where holdE  denotes static hold energy when applicable, such as for SRAM-based systems. This 1005 

formulation accumulates solve-stage and update-stage costs over the same workload and 1006 

normalizes the total cost by equation dimension. 1007 
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The update event is not physically identical across different platforms. Depending on the 1008 

architecture, it may correspond to programmed analogue memory cells, updated digital weights, 1009 

or another platform-specific remapping unit. This treatment preserves the architectural constraints 1010 

of each system while expressing heterogeneous update overheads in a common workload-level 1011 

metric. Values in Supplementary Table 2 were therefore categorized as directly reported, 1012 

reconstructed from reported system models or figures, or estimated for workload-level remapping 1013 

overhead. 1014 

(1) PCM Hybrid solver 6 1015 

We used the Ndim=5000 banded mixed-precision benchmark with K=8, 998752 devices, and 1016 

23 outer iterative refinements. Because the paper does not directly report solve-level latency and 1017 

energy, we reconstructed them from the system-level baseline and dedicated-computing memory 1018 

unit (CMU) constraints. The ideal-CMU system baseline gives Tsys,ideal≈11.5 ms and Psys,ideal≈33 1019 

W, hence 1020 

 sys,ideal 33 W 11.5 ms 0.380 JE ≈ × =  (S69) 1021 

Using 10 14 sτ µ≈ , the number of inner low-precision operations is 1022 

 inner
0.1 11.5 ms 82

14 s
N

µ
×

≈ ≈  (S70) 1023 

With 1000×1000 crossbars, 10-way parallelism, and a 1 μs cycle, the CMU latency is 1024 

TCMU≈0.25-0.41 ms, giving Tsolve≈11.8 ms. The dedicated core energy is estimated from 222 mW 1025 

per core and 10 parallel cores: 1026 

 CMU 2.22 W (0.25 0.41 ms) 0.56 0.91 mJE ≈ × − ≈ −  (S71) 1027 

We used the conservative reconstructed value Esolve=0.416 J. The update estimate is 1028 

Tupdate=998752×10 μs ≈9.99 s, Eupdate=998752×5 nJ ≈4.99×10-3 J. 1029 

With Nsolve=901 and Nupdate=2026, Tnorm≈4.05 s/unknown, Enorm≈7.70×10-2 J /unknown. 1030 

(2) RRAM Hybrid solver 7 1031 
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We used the 128×128 Poisson benchmark and set Ndim=128. The selected solve-stage values 1032 

are Tsolve=3.67 ms and Esolve=2.25×10−4 J. The update event programs five 36×36 preconditioner 1033 

blocks, giving Ncell,update=5×36×36=6480. Using 30 write-verify cycles and a 20 ns programming 1034 

pulse, the serial update latency is 1035 

 update 6480 30 20 ns 3.888 msT = × × =  (S72) 1036 

The row-parallel latency lower estimate is 108 μs, but Supplementary Table 2 uses the serial 1037 

upper-bound latency. For energy, using V=2 V, R=15 kΩ, and t=10 ns, 1038 

 
2

6
update

26480 30 1.04 10 JVE t
R

−= × × ≈ ×  (S73) 1039 

Thus, under the Supplementary Table 2 workload, Tnorm≈8.74×10-2 s/unknown, 1040 

Enorm≈1.58×10-3 J /unknown. 1041 

(3) RRAM Analogue solver 5 1042 

We benchmarked the 128×8 massive-MIMO example. The 8×8 complex-valued inverse 1043 

problem was counted as a 16×16 real-valued system, so Ndim=16. For the HP-INV/BlockAMC 1044 

solve model, we used L=3, N0=4, αINV=9, and αMVM=30. With tINV=120 ns, tMVM=60 ns, and tADC=6.7 1045 

ns, 1046 

 6
solve 3[(120 6.7) 9 (60 6.7) 30] ns 9.42 10 sT −= + × + + × ≈ ×  (S74) 1047 

Using the reported block-energy parameters gives 1048 

 7
solve INV,blk INV MVM,blk MVM3( ) 1.29 10 JE E Eα α −= + ≈ ×  (S75) 1049 

The update overhead was estimated by a write-verify model with cWV=12.625, tpulse=tverify=100 1050 

ns, Vprog=2 V, Vverify=0.2 V, and R=50 kΩ. Therefore, 1051 

 6
2 12.625 200 ns 2.525 10 sT −= × = ×  (S76) 1052 

 
2 2

10
2

2 0.212.625 100 ns 100 ns 1.02 10 J
50 k 50 k

E − 
= × + × ≈ × Ω Ω 

 (S77) 1053 
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With Nupd=567, 1054 

 3
update 2567 1.43 10 sT T −= ≈ ×  (S78) 1055 

 8
update 2567 5.7 10 JE E −= ≈ ×   (S79) 1056 

Under the Supplementary Table 2 workload, Tnorm≈1.82×10-1 s/unknown, Enorm≈1.46×10-5 1057 

J /unknown. 1058 

(4) SRAM-DCIM solver 8 1059 

We set Ndim =192, corresponding to the 192×192 real-SLAM matrix equation benchmark 1060 

evaluated in the original paper. The single-solve latency and energy were approximately extracted 1061 

from the 192-dimensional SLAM-CIM data in Fig. 22 of the original paper, giving T1=1.80×10−5 1062 

s and E1=1.00×10−5 J.  1063 

For the update-stage normalization, T2 and E2 are effective per-coefficient SRAM update 1064 

costs derived from the full 192×192 FP16 matrix-remap model. Equivalently, the resident FP16 1065 

coefficient matrix contains 192×192×16=589824 bits, equivalent to 4608 128-bit SRAM words. 1066 

Assuming 12-macro parallel writes at 40 MHz, the full remap latency is 384/40 MHz≈9.62 μs, 1067 

giving T2=9.62 μs/36864=2.61×10−10 s. Assuming 2 pJ per 128-bit SRAM word write, the full 1068 

remap energy is 4608×2 pJ=9.22 nJ, giving E2=9.22 nJ/36864=2.50×10−13 J. 1069 

With Nsolve=901 solve events and Nupdate=2026 update events, the workload-normalized 1070 

latency is Tnorm≈1.86×10-4 s/unknown, Enorm,solve+update≈4.70×10-5 J /unknown. 1071 

Because the weights are stored in SRAM, we also included a static hold term. Using 1072 

Phold=192×192×16×0.6 V×0.1 nA=3.54×10−5 W, the normalized hold energy is Ehold,norm= 1073 

3.54×10−5×1.86×10−4=6.58×10−9 J/unknown. Therefore, the total normalized energy including 1074 

SRAM hold is 1075 

 5
norm,total norm,solve+update hold,norm 4.70 10 J/unkno n wE E E −= + ≈ ×  (S80) 1076 

where the hold contribution is much smaller than the solve-plus-update energy and does not change 1077 

the reported significant digits. 1078 
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Supplementary Table 2 therefore compares solver architectures under a common workload-1079 

level accounting, rather than isolating device-level properties or technology-node scaling. Directly 1080 

reported quantities include, depending on the paper, the matrix equation dimension, array 1081 

configuration, iteration count, or measured solve cost. Reconstructed quantities include solve 1082 

latency or energy inferred from reported throughput, timing, power, or solver models. Estimated 1083 

quantities include update-stage programming overhead when the original paper does not explicitly 1084 

report matrix-remapping cost. This distinction was maintained throughout Supplementary Table 1085 

2 to avoid conflating directly measured system metrics with engineering estimates introduced 1086 

solely for cross-platform comparison.  1087 
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Platform/

solver 
Problem 

size N 

Solving 

latency 

(s) 

Solving 

energy 

(J) 

Update 

latency 

(s) 

Update 

energy 

(J) 

Norm. 

latency 

(s/unk.) 

Norm. 

energy 

(J/unk.) 

NVIDIA 

Jetson 
32 4.02×10-3 0.013 2.02×10-6 6.53×10-6 0.113 0.366 

Intel i7-

13700K 
32 2.41×10-3 0.012 2.02×10-6 1.04×10-5 6.80×10-2 0.339 

PCM 

Hybrid 

solver [6] 

5000 1.18×10-2 0.416 9.99 4.99×10-3 4.05 7.70×10-2 

RRAM 

Hybrid 

solver [7] 

128 3.67×10-3 2.25×10-4 3.89×10-3 1.73×10-8 8.74×10-2 1.58×10-3 

RRAM 

Analogue 

solver [5] 

16 9.42×10-6 1.29×10-7 1.43×10-3 5.78×10-8 1.82×10-1 1.46×10-5 

SRAM-

DCIM 

solver [8] 

192 1.80×10-5 1.00×10-5 9.62×10-6 9.22×10-9 1.86×10-4 4.70×10-5 

mAIC 

(180 nm) 
32 8.52×10-6 3.30×10-7 5.04×10-4 3.31×10-8 3.21×10-2 1.14×10-5 

mAIC  

(28 nm) 
32 1.20×10-7 1.34×10-10 2.52×10-5 1.65×10-9 1.60×10-3 1.08×10-7 

Supplementary Table 2. Benchmark comparison of representative matrix equation solvers. 1088 

Single-solve cost and workload-normalized latency/energy including update overhead. 1089 
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