W) Check for updates

Advanced Intelligent Systems ADVANCED
INTELLIGENT

SYSTEMS
www.advintellsyst.com

| RESEARCH ARTICLE CEIEED

A Flexible and Energy-Efficient Compute-in-Memory
Accelerator for Kolmogorov-Arnold Networks

Chirag Sudarshan' @ | Oliver Artner>* © | Paul-Philipp Manea'” @ | Sebastian Siegel' © | Susanne Hoffmann-Eifert® © |

Regina Dittmann>’ | John Paul Strachan'*

!Forschungszentrum Jiilich GmbH, Peter Griinberg Institute 14, Jiilich, Germany | *Faculty of Electrical Engineering and Information Technology, RWTH
Aachen University, Aachen, Germany | *Forschungszentrum Jiilich GmbH, Peter Griinberg Institute 7, Jiilich, Germany

Correspondence: Chirag Sudarshan (c.sudarshan@fz-juelich.de) | John Paul Strachan (j.strachan@fz-juelich.de)
Received: 30 September 2025 | Revised: 23 November 2025 | Accepted: 16 December 2025

Keywords: compute-in-memory | Kolmogorov-Arnold networks | memristors | nonlinear computing

ABSTRACT

Emerging Kolmogorov—-Arnold networks (KANs) replace the linear weights of neural networks with trainable nonlinear functions. This
modification is particularly attractive for scientific computing, where KANs can match the accuracy of conventional multilayer per-
ceptrons (MLPs) while reducing model size by up to 100x. However, this efficiency comes at the cost of computationally expensive
nonlinear evaluations, unlike conventional MLPs dominated by linear matrix multiplications. We present a flexible and energy-efficient
compute-in-memory accelerator tailored for KANS, developed through cross-layer optimization across algorithm, architecture, circuit,
and device levels. The accelerator computes arbitrary nonlinear functions using a single-read scheme and read-optimized memory
arrays with nonvolatile memristive devices. Our system achieves a lowest energy of 8.69pJ per KAN function. In terms of
energy-delay product, it provides 1996x improvement over CPUs, 208% over standard MLP-oriented compute-in-memory accelerators,
and up to 71x over prior KAN accelerators. These results establish energy-efficient hardware primitives for implementing advanced
nonlinear networks in scientific computing.

data transfers encountered in traditional GP architectures.
Furthermore, CIM leverages the inherent physical laws of crossbar
array circuits (Ohm’s and Kirchhoff’s laws) to perform highly par-
allel and energy-efficient Multiply-Accumulate (MAC) or vector-
matrix multiplication (VMM) operations that prevail in Multilayer
Perceptrons (MLPs) and other Deep Neural Networks (DNNs)
[12, 13]. Here, we refer to this type of existing VMM optimized
CIM, best suited for MLP or DNN, as VMM-CIM.

1 | Introduction

Deep learning models have achieved state-of-the-art accuracy on
multiple fronts, including image processing, natural language
processing, translation, and beyond. These advancements have
driven the integration of Artificial Intelligence (AI) across a wide
range of systems, spanning from high-performance to edge com-
puting. However, as AI models scale up, their escalating costs and
energy demands are a critical challenge for sustaining this progress

[1, 2]. To address the energy issue, a shift towards Application =~ Currently, VMM-CIM architectures offer less benefits to many

Specific Integrated Circuit (ASIC) accelerators can offer much
higher energy efficiency than traditional General-Purpose (GP)
chips like GPUs and CPUs [3, 4]. In this context, Compute-in-
Memory (CIM) is a prominent architectural approach that offers
orders of magnitude higher energy efficiency (i.e. 100—1000x)
compared to GP chips [5-11]. Here, memory and computation
are tightly integrated to reduce the dominating costs of frequent

forms of scientific computing or emerging AI models that require
a large number of nonlinear computations. One such recent model
is the Kolmogorov-Arnold Network (KAN) [14, 15], which explic-
itly targets AI+ Science applications. KAN is based on the
Kolmogorov-Arnold (KA) theorem [16], which states that any
multivariable continuous function can be represented as a super-
position of single-variable functions. KAN builds on this theorem
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with two key principles: 1) unlike the original KA theorem with
only two layers (L = 2), KAN proposes to have L > 2 layers, and
2) unlike MLP, which trains the weights between nodes, KAN
trains nonlinear activation functions. In comparison to MLP,
KAN can reduce the parameter count by 100x without significant
accuracy loss [14]. Research on KAN has rapidly grown with
numerous studies exploring extensions and adaptations [17-25].
KAN'’s ability to represent complex multivariable equations or
datasets as L-layer superpositions of single-variable functions is
advantageous in domains like scientific computing, physical
modeling, circuit simulations, and materials simulations where
MLP or DNNs are yet to reach state-of-the-art accuracy [26].
However, the nonlinear functions central to KAN are energy-
inefficient and latency-intensive on standard computing platforms
[27, 28]. On a GPU, KAN layers exhibit 5 — 100x higher latency
than even larger MLP layers, with latency scaling more rapidly
as layer size increases (see latency graph in Figure 1). Similarly,
existing VMM-CIM architectures are not well-suited for KAN.
Developing specialized hardware to address this is essential for
KAN models to be able to scale-up, analogous to the extreme scal-
ing of MLPs and DNNs.

This work presents KA-CIM, a custom hardware accelerator
designed to efficiently compute KANs using an in-memory
approach. KA-CIM targets several use cases, including energy-
efficient and low-latency evaluation of scientific equations con-
verted into KAN form, KAN inference for complex physical
models, and fast derivative computations. The accelerator reaches
high energy efficiency and low latency through systematic

Deep Neural Network (DNN) &
Multilayer Perceptron (MLP)
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co-optimization spanning algorithm, architecture, circuit, and
device levels. Piecewise-linear (PWL) approximation transforms
nonlinear computations into single multiply-accumulate (MAC)
operations, yielding fixed latency and energy independent of func-
tion complexity. At the same time, the PWL approximation is
shown to be low error. At an architectural level, KA-CIM adopts
a read-centric design in which all computations are executed
through single array reads and compact array dimensions. These
choices enable aggressive circuit- and device-level optimization,
including a memristive array with a proposed RC-sensing scheme
that achieves extremely low read latency and energy. Through this
end-to-end co-optimization, KA-CIM attains less than 60 ns latency
and 60 pJ energy for a wide range of multivariable functions, dem-
onstrating a promising path toward practical and efficient scientific
computing at the edge.

Critical memristive device characteristics that complement the
RC-discharge-based sensing scheme form the device-level founda-
tion of KA-CIM’s performance. A low-ohmic low resistance state
(LRS) shortens the RC time constant (and hence latency), a large
separation of LRS and high resistance state (HRS) improves sense
margin, and a small parasitic capacitor precharge value defines the
read energy. We fabricated and characterized Pt/HfO, /TiOy /Ti/Pt
memristive devices (100 X 100 nm) that exhibit the target LRS of
10 kQ, HRS of ~3 MQ, ON/OFF ratio exceeding 100x, and a read
voltage of 0.4 V. This device—circuit co-optimization, together with
small array dimensions, achieves a read latency of 1.5 ns and a read
energy of 4.1 fJ/bit, providing the device-level basis for the superior
system-level efficiencies achieved by KA-CIM.
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FIGURE 1 | Overview and motivation for KAN-specific hardware accelerator.

2 of 20

Advanced Intelligent Systems, 2026

85UB017 SUOWLIOD aA18.D) 8dedl(dde sy Aq peuenob 8 sejoiie VO ‘8SN JO S3|NJ J0j Akeiqi Ul uO /8|1 UO (SUONIPUCD-pUR-SWS)A0D B 1M Aeig Ut |uoy//Sdny) SUONIPUOD pue Swie | 8y} 8eS *[9202/90/0T] Uo Akeiqiauliu A8|IMm ‘Jelued YoJesssy HWO yolne wniuezsbunyosiod Aq 022105202 AS1e/z00T 0T/I0p/wo A3 | A g 1 pul [uo"peoueAe//Sdny Wwouy pepeojumod ‘S ‘9202 29SY0r9z



At the system level, we designed a 16-core KA-CIM accelerator
capable of parallel computing of 384 nonlinear KAN functions.
To assess flexibility, we evaluated 7 single-variable and 8 multi-
variable tasks, including the Hodgkin-Huxley neuron model.
Across all benchmarks, KA-CIM maintained minimal error
(median 10~4-1073) relative to 32-bit floating-point baselines.
Overall, KA-CIM achieves a 1996x improved energy-delay
product over a conventional CPU and a 35x over a dedicated
ASIC [28] for nonlinear computations. It also surpasses a 100-
TOPS/W VMM-CIM executing the same task through an MLP,
offering up to 27x lower energy and 7.4x lower latency.
Compared with other CIM-based KAN accelerators [29, 30],
KA-CIM provides 22x -27x lower latency and 42X —-71x better
energy-delay product than [29], and 2.31x lower power than
[30]. A further distinguishing feature is KA-CIM’s ability to com-
pute both function outputs and their (partial) derivatives simul-
taneously, a capability absent in prior KAN accelerators [29-31].

2 | Results

As shown in Figure 1, KAN is fundamentally different from stan-
dard DNNs or MLPs. Over the years, CIM hardware accelerators
[8, 9, 32] have been extensively optimized for DNNs, supporting
highly parallel and energy-efficient VMM. CIM designs explore
a particular trade-off in array dimensions, multilevel cells, and
ADCs but are not ultimately suited for arbitrary nonlinear compu-
tations. Recent efforts [29] applied VMM-CIM to KANs, but the
computation of the predominant nonlinear basis are handled by
standard CMOS logic. To match the low precision available in ana-
log VMM-CIM (e.g., 8-bit), these designs also require hardware-in-
the-loop retraining and sparsity-aware weight mapping. Rather
than adapting VMM-CIM to KAN through complex methodolo-
gies, we introduce a KAN-specific fully memory-centric accelerator
developed via cross-layer co-optimization of algorithm, architec-
ture, circuit, and device. Furthermore, it also does not require
any hardware-specific retraining. We present results for our fully
memory-centric implementation natively tailored to KAN in this
section.

2.1 | Algorithmic Approximation of KAN
Nonlinear Functions

KA-CIM begins by converting a target dataset or multivariable
equation into its KAN representation (Equation (1)), where L
denotes the number of layers, K the number of inputs, Kj, the
number of activation functions in layer L, ¢(x) the single-
variable nonlinear functions, and i, represent the summation
index. A central challenge for hardware acceleration of KANs is
the efficient and highly parallel computation of nonlinear func-
tions. To address this, our approach applies a first-order PWL
approximation, reducing complex nonlinear functions to a single
multiply-accumulate operation. This guarantees fixed and pre-
dictable latency and energy consumption, independent of func-
tion complexity. Each trained function ¢(x) is approximated by
partitioning it into N linear segments (Figure 2a). The segmenta-
tion granularity is determined by the function’s smoothness, with
larger N yielding greater accuracy. For a given input x, the
appropriate segment is selected, and the function is approximated
as ¢(x) = My - x + Yg where Mg and Y5 are the slope and intercept

of the chosen segment. This simplification requires storing the seg-
ment parameters (breakpoints, slopes, and intercepts) in memory,
a feature that motivates our memory-centric design.

Ky, K K
F(x1,%;, ..., x¢) = Z ¢L,iL+1,iL ceee Z¢l,i2,i1 quo,il,io (xil,)
i, iy iy

@

2.2 | Fully Memory-Centric Hardware
Architecture

Building on the algorithmic foundation, our design introduces two
key architectural innovations for the efficient realization of PWL-
based KAN computation. First, all memory arrays used for PWL
segment computation and parameter storage operate in a single-
row read mode, similar to conventional memories but in sharp
contrast to VMM-CIM designs that rely on multirow activation
for analog VMM. This read-centric approach is motivated primar-
ily by the need to suppress variation-induced errors common in
analog VMM-CIM accelerators. An additional major benefit is
the elimination of area-, latency-, and power-intensive ADCs,
replaced by lightweight, low-energy, low-latency sense amplifiers.
Crucially, this simplification does not introduce extra latency
through multiple reads; the architecture performs single-variable
function computation with one read per array and a latency of less
than 10ns, which is significantly faster than typical VMM-CIM
implementations. Second, because KA-CIM is inherently read-
centric, reductions in array read energy and latency directly trans-
late into overall performance and energy gains. To exploit this, the
system uses compact 16 X 64 and 32 X 16 arrays, whose dimensions
remain fixed irrespective of the PWL segmentation factor N,
enabling aggressive circuit- and device-level optimizations to fur-
ther reduce read energy and latency. The remainder of this section
first details our novel single-read CIM architecture, followed by
the strategy and its evaluation results used to keep array dimen-
sions compact regardless of N.

2.21 | Single-Read CIM Hardware for PWL
Approximation

The fundamental building block of the proposed design is the
KA-CIM tile (Figure 2b), designed for energy-efficient computa-
tion of an arbitrary PWL-approximated single-variable KAN
function ¢(x). KA-CIM tiles operate in parallel to evaluate all
KAN functions ¢(x), whose outputs are then aggregated to pro-
duce the final result. To compute the PWL approximation of
¢(x), each tile performs three steps, implemented by dedicated
hardware units. First, a CIM-based segment selection unit
(CIM-SSU) identifies the appropriate PWL segment by compar-
ing the BFloat16 input x with N stored breakpoints, producing an
N-bit segment index [Sy, ..., S;] with exactly one active bit indi-
cating the chosen segment. Second, this selection signal is used to
retrieve the corresponding slope Mg and intercept Ys values from
dedicated memory arrays, each sized N x 16, where every row
stores one BFloat16 value. Finally, a digital multiply-accumulate
(MAC) unit computes the output as ¢(x) ~ Ms - x + Y, operating
near the memory periphery to minimize data movement.

Figure 2c details the in-memory segment selection using a single
read per array. The 16-bit breakpoint value Xj is divided into four
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(a) Single-MAC nonlinear computation with PWL
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Single-MAC CIM hardware implementation for evaluating nonlinear KAN functions ¢(x) using PWL approximation. (a) Example PWL

re schematic of a single KA-CIM tile comprising: Block 1, a compute-in-

memory (CIM) segment-selection unit (CIM-SSU) that identifies the segment index S and retrieves the corresponding slope Ms and intercept Yg; Block 2,

memory arrays storing all Mg and Ys; and Block 3, a multiply-accumulate (MAC) stage evaluating ¢(x) ~ Ms - x + Ys. (¢) CIM-SSU implementation for

16-bit inputs, illustrating breakpoint encoding and comparison operation wi

4-bit groups. Each group is encoded into a 16-bit thermometer and
one-hot code: the thermometer code performs greater-than or less-
than comparisons, while the one-hot code detects equality. The
encoded groups are stored in four compact 16 X 2N arrays, with
two columns reserved per breakpoint. The N breakpoints are orga-
nized in ascending order across the 2N columns. During operation,
the 16-bit input is partitioned into four corresponding 4-bit groups
via hardwired connections and applied to the respective arrays.
Within each array, the 4-bit input group activates a single row,
and the sensed data directly represents the comparison results.
The 2N-bit readout-arranged as two bits per breakpoint-encodes
the comparison outcome (see the truth table in Figure 2c). For
example, a code of ‘10’ indicates that the input group exceeds
the corresponding breakpoint group. A lightweight selection
peripheral aggregates the comparison outputs from all groups,
while a converter block determines the transition point where
the result changes from ‘less than’ to ‘greater than or equal to’
and activates the corresponding segment index S. Both the selection
peripheral and converter require only a small number of logic gates
per breakpoint, minimizing area overhead. All four CIM-SSU
arrays are sensed in parallel, and the total delay is limited to a single
array read plus a few gate delays in the selection peripheral and

th a single row read.

converter. Overall, the computation of an arbitrary single-variable
function, irrespective of the fuction type, follows the same sequence:
four parallel read operations plus a few logic operation in the CIM-
SSU for segment selection, two parallel reads for retrieving Mg and
Ys, and a final single MAC operation to compute F(X) output.
Consequently, each tile exhibits fixed energy and latency per func-
tion for a given N. The total tile energy primarily depends on the
array read energy, which scales with N, ensuring that the compu-
tation cost is determined by N rather than the function type. The
design supports signed, fixed-point, and floating-point representa-
tions. Full implementation details, including 16-bit examples, are
provided in Figure S1, S2, S3, and Table S1 of Supporting
Information. Overall, whether in the CIM-SSU or in the M and
Y arrays, all components are based on a single-read architecture.

2.2.2 | N-Independent KA-CIM Tiles with Compact
Arrays

The accuracy and energy consumption of a KA-CIM tile (Figure 2)
depend on the number of PWL segments, N. Figure 3a illustrates
this trade-off for an exponential function, where increasing
N reduces approximation error (logarithmic scale) while the
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FIGURE 3 | Tile partitioning approach for emulating large-N PWL functions with N =32 tile design. (a) Tile error and energy (excluding commu-

nication and chip-level peripheral overhead) as a function of the number of PWL segments (N), where larger N typically requires proportionally larger

arrays. Similar evaluations were conducted for other elementary functions (see Figure S4 of Supporting Information). The crossover point between

energy and error occurs around N =32 (either between 16 and 32 or 32 and 64) in all the considered functions. This motivates our choice of
N =32 as the standard tile configuration. (b) Tile output error for N = 32 when computing an exponential function; error scales with output magnitude.
Baseline FP32 results (black) largely overlap with tile outputs (orange). (c) Tile partitioning example: functions requiring N > 32 are split into multiple
groups, each mapped to a dedicated N =32 tile. (d) Illustration of the tile partitioning approach to emulate higher N values with N =32 tiles. The energy
increases at a much lower rate for all N > 32 while continuing to reduce approximation error.

corresponding energy cost increases comparatively slowly. In
Figure S4 of Supporting Information, we provide corresponding
results for several other standard single-variable elementary
functions. Across all evaluated functions, the crossover point
between error and energy consistently occurs near N =32 (ie.,
either between 16 and 32 or between 32 and 64). Based on this
trend, we adopt N =32 as the default configuration for the array
dimensions within each tile. Accordingly, the four CIM-SSU arrays
are sized at 16 x64 (ie. 16 X 2N), while the Mg and Yy arrays
use 32x16 dimention (i.e. N x16). With these dimensions,
KA-CIM achieves very low output error relative to baseline
FP32 computations, despite the example functions having large
dynamic output ranges (e.g., 4.54x 107> to 7.389). Across the
entire output range, the approximation error remains consistently
small relative to the output value (Figure 3b). In Figure S4 or
Supporting Information, we also observe that the energy values
remain identical across all evaluated functions, showcasing the
fixed tile energy.

At the system level, N =32 suffices for many applications, pre-
sented in later sections. However, to support generic adaptation
of KA-CIM to functions with wider input domains or more com-
plex behavior that require higher accuracy, the architecture must
be capable of handling larger N values. To support higher N with-
out increasing array dimensions, we introduce a tile partitioning
approach, which reuses the N = 32 tile design to emulate larger N.
As illustrated in Figure 3c, the domain of ¢(x) is divided into

groups, each assigned to a dedicated tile configured for N =32.
For example, if ¢(x) spans 0-2000, it can be split into four groups
(0-500, 500-750, etc.), each mapped to a separate tile. When an
input x falls within a particular group, only the corresponding tile
is activated, while others remain idle. A lightweight digital com-
parator in each tile ensures that the tile is only enabled if the input
lies within its configured range, before fine-grained CIM-based
segment selection and ¢(x) computation. Consequently, for any
given input, only a single tile is active with a small additional
energy for digital comparators, thereby minimizing energy con-
sumption even for N > 32. In this way, multiple tiles collectively
approximate a function with N > 32 while maintaining the energy
efficiency of a single N = 32 tile. Figure 3d illustrates tile partition-
ing for computing functions with N =64 (two tiles), N =128 (four
tiles), and N = 256 (eight tiles) using N = 32 tiles. Energy consump-
tion increases at a much lower rate for all N > 32, whereas the
approximation error continues to decrease with increasing N.
The energy overhead is limited to approximately 0.79 pJ per addi-
tional 128 increase in N, corresponding to the lightweight digital
comparator whose energy increments for every additional four
tiles per function. For instance, for N =256, the total energy is
4.38 pJ with tiling, which is substantially lower than the energy
required for a lower N =128 implementation without tiling.
This tiling approach allows the KA-CIM tile to use compact
N =32 based array dimensions without compromising accuracy.
It also provides architectural support for computing any complex
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function. The low array dimension further enables aggressive cir- efficiency. Through a circuit-device codesign strategy, we
cuit and device optimizations, achieving low read latency and achieve aggressive array-level targets of <2ns read latency and
energy, as detailed in the next section. 3-41J/bit read energy. To realize these aggressive targets, we

use an RC-discharge-based sensing approach, where read energy
is governed by the capacitor’s precharge voltage and latency by
the RC time constant. This approach imposes specific constraints
on the VCM device: the LRS must discharge the capacitor
The aforementioned architectural advantages are leveraged at  quickly, while the HRS must maintain charge long enough to
the circuit and device levels to design read-optimized compact  provide a robust sensing margin. Figure 4a shows the HRS and
arrays, which directly drive KA-CIM’s overall latency and energy ~ LRS of various reported memristor devices. Our first evaluation

2.3 | Device-Circuit Codesign for Low-Latency
and Low-Energy Memristor Array

. o VCM (b) =
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FIGURE 4 | Overview of the sensing performance of different resistive switching devices and characteristics of the metal oxide-based VCM device

used in this work. (a) Impact of the LRS and HRS on RC discharge sense margin and energy delay product for various device types [33-39]. The sense
margin is considered to be low if the difference of LRS and HRS corresponding RC delay for a bitline parasitic capacitance of 1.7 pF is less than 5ns.
Beside VCMs, area-type devices made from (Pr, Ca) MnO; (PCMO), phase change devices (PCM), and conductive bridge cells (CBRAM) are considered.
The non-CMOS compatibility indicated here is specific to the cited work and not for the technology itself. (b) Current-voltage (I-V') characteristics of the
VCM device measured in a one-transistor-one memristor configuration using a transistor made with 180 nm technology. (c) Scanning electron micro-
scopic image of the 100 x 100 nm nano crosspoint Pt/3 nm HfO,/3 nm TiO,/10 nm Ti/Pt device. (d) Read drift behavior of the VCM device measured
with a read voltage of 0.4V for 1s every 1000s. (e) Circuit diagram of the proposed RC-discharge based low-latency, low-energy sensing, optimized for
compact array dimensions. (f) Comparison of array read energy and latency (including the precharge overhead) with prior works [40, 41]. The read
energy and latency evaluation in our work includes CMOS variations using Monte Carlo simulations and considers worst-case resistance values,
i.e.,, minimum HRS and maximum LRS (see Figure S6). (g) Impact of RRAM and CMOS variations on sensing latency, evaluated with 50 Monte
Carlo simulations across 64 sense amplifiers per array. (h) Scaled area of the compact array and proposed sensing circuit in 28 nm technology.
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examines the impact of different device resistance values on
RC delay times and, consequently, on sensing reliability. For
this analysis, we use a wire capacitor value of 1.7{F/12.5 pm,
extracted from post-layout bitline parasitics. When the RC delay
difference between the LRS and HRS falls below 5 ns, the sensing
margin becomes insufficient to ensure robustness under worst-
case device variations. The RC delay also affects the overall
energy consumption. Although the energy stored in the capacitor
is independent of device resistance (E=1CV?), the longer RC
delay requires the sensing circuit to remain active for a longer
duration. Consequently, the total energy consumed during sens-
ing increases with device resistance. Figure 4a shows the calcu-
lated energy delay product (EDP, in color) as a function of (HRS,
LRS) combinations. Limitations are defined by a low sense mar-
gin, a very high latency, or a high EDP. To maintain a sufficient
sense margin and low EDP, the LRS should be < 15kQ and the
HRS should be > 500kQ. By carefully selecting the memristive
device parameters to align with the sensing circuit design con-
straints, we can directly optimize the array read latency and
energy. The benefits of the RC-sensing scheme is particularly
pronounced for compact arrays, since larger arrays introduce
additional leakage paths that can compromise sensing reliability
and increase both latency and energy consumption. We first
describe the details of the VCM device that meets these criteria,
followed by the sensing circuit details.

The memristive devices are realized in 100 X 100 nm nano cross-
bar structure with a Pt/3 nm HfO,/3 nm TiO,/10 nm Ti/Pt stack,
manufactured in a CMOS-compatible back-end-of-line process.
Figure 4c shows a microscopic image of the Nanometer-scale
VCM device located at the intersection of the two electrode fingers.
The fabrication process is described in the “Materials and
Methods” section. For monolithic integration, Pt can be replaced
by TiN without changing the switching behavior. Our device stack
results from a modification of the commercially available HfO,/Ti
stack [42], by addition of a thin TiO, layer that enables an analog-
type switching in a limited resistance range (see VCM d [37] in
Figure 4a). Rather than introducing new materials or specialized
processing, our approach investigates the established filamentary-
type VCM device under a broader voltage regime to achieve the
target resistance window. The device is integrated with a 5V,
180 nm NMOS access transistor in a one-transistor-one-memristor
(1T1R) configuration [43]. A representative bipolar resistive
switching characteristics is shown in Figure 4b. Following the
established programming schemes of 1T1R elements, a positive
and negative sign indicates that the voltage is applied via the
bit line (BL) and the select line (SL), respectively (see [43] for
details). For SET, a current compliance of 150 pA defined by the
voltage on the wordline (WL) controls the LRS.

In our KA-CIM design, the programming of PWL parameters
(i.e., write operation) is infrequent, and inference computations
of nonlinear functions for a long stream of data is the main oper-
ation. Since the computation is primarily dependent on array
read, this requires long-term stability of the resistance states.
However, drift over time and read-disturb are commonly reported
for similar memristive devices [44, 45]. To account for this effect,
we have chosen LRS and HRS values of 10 and 3 MQ, respectively,
that correspond to the limits given by the sensing circuit, in detail,
LRS <10kQ and HRS > 500kQ. The stability of the states was
tested by drift measurements, for which ten programmed binary
states were continuously read at a READ voltage of 0.4V for 1s

every 1000s for a total time of 10000s. The resulting resistance
values are shown in Figure 4d as CDF curves for both the LRS
and HRS, where the colors encode the different time stamps.
The LRS exhibits only a minor drift, with a maximum value of
13.5kQ, whereas the HRS shows a broader spread. The limited
variation in LRS helps maintain low RC delay fluctuations and
consequently low sensing latency, while an HRS above 1MQ
ensures a sufficient sensing margin. In Figure S5 of Supporting
Information, we present the extrapolation results of read drift anal-
ysis beyond 10ks. The physical explanation behind the tilting of
the HRS CDF curve is the diffusive migration of oxygen vacancies
from the vacancy-rich filament into the vacancy-poor area in
front of the active electrode and vice versa, thereby decreasing/
increasing the resistance of the memristive devices [46]. In addi-
tion to the read drift, read disturb measurements were successfully
performed with 32 consecutive read pulses of 16s width; see
Figure S6. From a system point of view, this duration corresponds
to 320 billion read operations per cell, which is a substantially large
number. In the worst case, the HRS reaches a value down to
550kQ, while the LRS rises to up to 15kQ. We will show later
that the proposed sense amplifier can handle this variation with-
out any sensing error. More details on read disturbance CDF,
cycling endurance measurements, and device-to-device variability
of the VCMs are provided in Figure S6, S7, and S8 of Supporting
Information. The 1TIR structures shown here used a large 5V
access transistor in 180 nm technology node. In contrast, KA-
CIM is envisioned for implementation in advanced 28 nm technol-
ogy nodes, using compact 1.8 V NMOS access transistors to mini-
mize cell area to 565 X 800 nm while still meeting the memristors’
voltage requirements. This cell area is consistent with the area
(0.4 — 0.5 pm?) of various emerging memories, including memris-
tive devices [47]. The scaled 1T1R cell primarily serves to estimate
the array area, while the array read energy and latency (detailed in
the next paragraph) are largely determined by the VCM resistance
values. Figure S11 and Table S2 of Supporting Information dem-
onstrates that a 28 nm 1T1R cell with a 1.8 V access transistor can
meet the required voltage and current compliance for the investi-
gated VCM device. Furthermore, motivated by the increasing inter-
est from technology providers in supporting emerging memory IPs,
we reasonably assume that advanced CMOS nodes will provide
suitable, low-area, memory device-specific transistors in the future.

Figure 4e shows the circuit of the proposed RC-discharge-based
sensing scheme. Cgy, is the parasitic capacitance, whose value is
determined by both the bitline wire and the parasitic capacitan-
ces of all transistors connected to it. During read operation, Cg;. is
precharged to a configurable voltage of 400 mV. The VCM LRS
discharges the capacitor rapidly, whereas the HRS leaks very
slowly, keeping the voltage above the trigger threshold through-
out the sensing period (Figure 4g). Unlike conventional analog
comparators that continuously draw current, the proposed detec-
tor relies on inverters that only consume energy during switch-
ing. When Cpy, discharges close to zero, the ultrahigh Vi PMOS
M2 turns ON, charging the gate parasitic capacitor Cg to the con-
figurable reference voltage (V ), which triggers the inverter to
sense the LRS. For HRS, Cg; remains well above the trigger
point, keeping M2 near OFF or weakly ON, so Cg cannot reach
Vief Within the sensing interval. As shown in Figure 4f, it achieves
a simulated worst-case read latency of 1.25—1.5ns (excluding
precharge) and a read energy of 3.5 — 4.2 fJ/bit, forming the foun-
dation for KA-CIM’s overall performance gains. The ultralow
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energy and latency result from the combination of small
precharge voltage, inverter-based trigger, and low VCM LRS
with high ON/OFF ratio. These results incorporate transistor,
memristor, and parasitic capacitor variation evaluated through
50 Monte-Carlo simulations across 64 sensing circuits per array
(equivalent to 3200 evaluations) and 288 sensing circuits per tile
(equivalent to 14 400 evaluations). The reported read latency of
1.5 ns accounts for worst-case resistive and capacitive variations,
including transistor parasitics. This represents a conservative
upper bound corresponding to large parasitic capacitance at an
LRS of 10k€; under typical conditions, the read latency is below
1 ns (see Figure 4g). Our variation analysis also shows that the sens-
ing margin remains sufficient to reliably distinguish LRS and HRS,
ensuring robust read operation even under long-term drift and read-
disturb conditions (Figure 4g). Detailed timing and voltage wave-
forms of the RC-discharge sensing circuit are provided in Figure
S12 of Supporting Information. Figure 4h shows the layout and area
of the 1TIR array and the sensing circuit in 28 nm technology.

2.4 | KA-CIM Accelerator, Floorplan, Area, and
KAN Mapping

The KA-CIM accelerator features a hierarchical architecture com-
posed of cores, macros, and tiles, designed to efficiently compute
KANS. At the macro level, four tiles share a digital MAC unit and
tile enable comparators (i.e. 4Xx - one per tile). The tile enable
comparators are used during tile partitioning for selective activa-
tion of tiles. The accelerator can concurrently compute up to
384 single-variable nonlinear functions. The single variable out-
puts from multiple tiles are summed using the X blocks to produce
each KAN layer output (e.g., ZZ“ éo,,,5, (X;,))- These results prop-
agate through successive layers in a pipelined, tile-parallel fashion,
ultimately computing the final output. Figure 5a illustrates the
floorplan and area breakdown of the 1.875 Mb accelerator, which
is designed using the proposed 1T1R array and the BFloatl6 data
type. It is implemented in 28 nm technology and occupies a total
area of 3.14mm?2. To further enhance the area efficiency, the
KA-CIM architecture can leverage the 3D stacking capability of
emerging memory technologies [48-50] for improved area effi-
ciency and memory capacity in the future. As a proof-of-concept,
all hardware evaluations presented in this work are for a 2D design
while the architecture is scalable for 3D.

Figure 5b-e presents the example 12-variable KAN, its mapping,
and the energy breakdown. For this evaluation, we consider a
nominal mapping that uses two out of 16 cores. Our evaluations
show that the example 12-variable function on KA-CIM is com-
puted in 45 ns with an energy consumption of 0.16 nJ per output
sample. From Figure 5e, ~#35% of energy is spent on data com-
munication (C), access (FI), and storage (ST), while the remain-
ing 65% is consumed for computation (Tile + X). Future
optimizations, such as 3D integration, could further reduce com-
munication energy and increase the overall energy efficiency.
The higher throughput is achieved by processing the subsequent
layers in a pipelined manner. For instance, while layer 2 func-
tions ®@; and &, are computed for the current data sample, layer
1 functions ¥, ; are calculated for the next sample. For this exam-
ple, KA-CIM achieves a throughput of 38.46 x 10° output samples
per second. The chip-level instruction set for external control
of KA-CIM is provided in Supporting Information Text 6, while

the energy and latency of each individual block are reported in
Table S3 of Supporting Information. Figure S14 of Supporting
Information presents a detailed pipeline diagram of a similarly
sized KAN from a real application used in our comparison sec-
tion, illustrating a flow analogous to the example in Figure 5.

2.5 | KA-CIM System-Level Error, Energy, and
Latency Analysis for Various Applications

This section presents the error, latency, and energy consumption
of KA-CIM for computing various single-variable and multivari-
able functions converted to KAN form with PWL N = 32. The
experiments include functions with large input ranges (0 to 400),
large output dynamic ranges (e.g., exp (x) =4.540 - 10~ to 7.389),
dynamical systems (dn/dt), and complex four-variable trigono-
metric equations. The detailed equations, input/output ranges,
and the required KAN conversions for all multivariable functions
are provided in Supporting Information Text 10 and 11. As an
example of a challenging dynamical system, we consider the
Hodgkin-Huxley (HH) neuron model, whose gating variables
(Equation (2)) evolve according to n,=dn + n,_,. In such cases,
numerical errors due to approximation can accumulate over time,
potentially causing output divergence. Figure 6 demonstrates that
KA-CIM is resilient to such divergence, maintaining low errors
centered around zero. The KA-CIM output overlaps the FP32
baseline output (without PWL) in all parts of the curve, and similar
trends are observed for other tasks as well.

dn 0.01(10-V)

dt exp(2%5Y) -1 @

B, =0.125¢ -V
n=0125exp( o

Figure 7a presents KA-CIM error results across various bench-
mark examples. Across these diverse and complex tasks, the pro-
posed accelerator consistently achieves low error relative to the
FP32 baseline, with median errors ranging from 10~* to 10~2 and
slightly higher values for functions with a high output range.
Notably, these error levels closely match those obtained using
standard BFloatl6 computation without PWL approximation,
demonstrating that the proposed approach maintains high
numerical fidelity while leveraging the PWL-based accelerator
(see Table S5). The consistently low error across multiple equa-
tions highlights KA-CIM’s flexibility in computing a wide range
of KAN-converted multivariable functions. This demonstrates its
effectiveness not only for scientific equation computation but
also for KAN inference. For example, training of the relativistic
addition function (Task 11: {4+%) produced a [2,1,1] KAN repre-
sentation (tanh(atanh(u)+ atanh(v))), whose inference on KA-
CIM achieved a low median error of 1.82 x 107>,

The error values can be further reduced by increasing the num-
ber of PWL segments. KA-CIM’s tile partitioning mechanism
ensures that this refinement incurs minimal energy overhead,
even for higher values of N (Figure 3). Figure 7c illustrates
the spatial localization of high-error values (above the 75th per-
centile) within the input space. The errors are clustered in spe-
cific regions, suggesting that increasing PWL segments in these
areas can further decrease the error. Most of the high-error points
are at least 3x lower than the maximum error, indicating that
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(a) Hierarchical Structure of KA-CIM
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FIGURE 5 | KA-CIM accelerator area, mapping, and performance. (a) Area and floorplan of 1.875Mb, 3.14 mm?® KA-CIM designed using the
proposed 1T1R array, RC-discharge based sensing, and BFloat16 data type. (b) An example of a multivariable function in KAN form. (c,d) Data mapping
and data flow for the given example function. (e) Energy breakdown of KA-CIM, where Tile = Energy for computing a single variable nonlinear function
(E.g., ¢pq or ¥ ;,) in a single tile, = = Energy for stage 1 and stage 2 summation unit, FI = Energy for fetching input x from one of the SRAM based dual-
port input buffer (DIB), ST = Energy for storing the output in one of the DIB for subsequent KAN layer computation (E.g., Phase 2) or in data out buffer if
this is the last layer, C = Communication energy. The total energy per data sample = 0.16 nJ, total latency per data sample =45 ns, and throughput =
50x 105 Output-Samples/s for the given equation F(X1, X5, ... X12) = D a1 @q(D3 %1 Wop(Xp))-

extreme errors are rare and should not be the representative of  reflection of KA-CIM’s accuracy, and that targeted refinement in
overall performance. These observations highlight that the much  high-error regions can further enhance accuracy. It is important
lower median or 75th percentile error provides a more accurate to note that the allocation of additional PWL segments is not

Advanced Intelligent Systems, 2026 9 of 20

85UB017 SUOWLIOD aA18.D) 8dedl(dde sy Aq peuenob 8 sejoiie VO ‘8SN JO S3|NJ J0j Akeiqi Ul uO /8|1 UO (SUONIPUCD-pUR-SWS)A0D B 1M Aeig Ut |uoy//Sdny) SUONIPUOD pue Swie | 8y} 8eS *[9202/90/0T] Uo Akeiqiauliu A8|IMm ‘Jelued YoJesssy HWO yolne wniuezsbunyosiod Aq 022105202 AS1e/z00T 0T/I0p/wo A3 | A g 1 pul [uo"peoueAe//Sdny Wwouy pepeojumod ‘S ‘9202 29SY0r9z



100 A

Input (mV)

m gate

0.0 1=

2000 2500 3000
Data instance

% 0.75 A /\ \\ “\ \ ‘: \\ | [\
S [VVVY\V\
€ 050 - \ \ \ \
\|
0.50 —— Baseline
% ’ KA-CIM “f
20.25 1 TANNNT
0.00

2000 2500 3000
Data instance

FIGURE 6 | Resilience of KA-CIM to output divergence in dynamic systems: three “gating” variables of Hodgkin-Huxley neuron model simulated

on KA-CIM (32 PWL segments) vs baseline full precision (FP32 and no PWL approximation). Note: The blue Baseline curve overlaps with the orange

curve in most parts of the graph, indicating the low error of KA-CIM.

dynamic; rather, it is predefined at the software level during the
PWL conversion of KAN functions.

Figure 7b shows the energy, latency, and energy-delay product
(EDP) of KA-CIM across various tasks. A key feature of the pro-
posed accelerator is that its latency and energy consumption
depend solely on the number of KAN layers, rather than on the
complexity or data range of the equation. For example, all single-
variable functions exhibit a fixed latency of 15ns and an energy
consumption of 8.69 pJ. Similarly, Tasks 11 and 13, both imple-
mented as two-layer KANs ([2,1,1]; see Supporting Information
Text 11), consume the same energy and latency. KA-CIM main-
tains energy consumption below 60pJ and latency below 60ns
even for the complex gating-variable equations of the Hodgkin-
Huxley (HH) model. Compared with the custom ASIC Non-
Linear Processing Unit (ASIC-NPU) of the SpiNNaker 2 system
[28] and with a conventional CPU, KA-CIM demonstrates sub-
stantial advantages: it consumes up to 45X less energy than
the ASIC-NPU and 315x less than the CPU. While KA-CIM oper-
ates 6.33x faster than the CPU, it is approximately 1.25x-3X
slower than the ASIC-NPU. However, these latency differences
are offset by KA-CIM’s far lower energy consumption and its abil-
ity to support a wide range of nonlinear functions, whereas the
ASIC-NPU is limited to exp and log. Both the CPU and ASIC-
NPU in [28] were benchmarked for exp, making KA-CIM’s
single-variable results the fair point of comparison. Considering
the architectural differences, we evaluate overall efficiency using
the EDP and the energy—delay-area product (EDAP). KA-CIM
achieves improvements of 1996x over the CPU and 6.13X
-35.7x over the ASIC-NPU in terms of EDP and delivers a
4.4x-25.9x improvement over the ASIC-NPU in EDAP. These
results highlight KA-CIM’s architectural flexibility and its superior
trade-offs compared with the fixed-function, ASIC-based ASIC-
NPU. Detailed comparison tables are provided in Table S6 of
Supporting Information. As a representative edge-scientific com-
puting use case, we evaluated KA-CIM on the Kinematic Bicycle
Model (Figure 7d) that is used for autonomous vehicle motion
planning [51]. The energy and latency of KA-CIM remain excep-
tionally low, comparable to those observed in other tasks, and are
significantly more efficient than conventional CPU and ASIC
implementations. The current median error is approximately
+5x 1072 across the input variable range of a nominal vehicle,

and it decreases to below +1x10~2 at lower speeds. We antici-
pate that, with realistic datasets and deeper application-specific
optimization, the KA-CIM parameters can be fine-tuned to
achieve even lower error levels. It is important to note that the
primary focus of this work is the development of a novel hardware
accelerator for KAN inference with representative evaluations,
rather than an exhaustive exploration of specific applications.
We believe that such an accelerator can serve as a foundation
for future research into energy-efficient scientific and edge com-
puting application exploration.

2.6 | Derivative Computation

Figure 8 summarizes the error, energy, and latency for computing
the output of a given equation and its derivative value using
KA-CIM. The operation flow begins by identifying the elemen-
tary functions ¢;; (e.g. sqr, sin, exp) and converting F(X) into
KAN form, similar to the KAN conversions shown in Supporting
Information Text 11 and 12. In the resulting KAN formulation,
the derivative of each elementary function (¢;;) is placed in par-
allel to its respective ¢;;. Only the elementary ¢; ; is preknown;

the final F (X) solution remains unknown. This forms a KAN-
like structure (Figure 8) whose data flow, akin to Automatic
Differentiation [52, 53], is as follows:
« The input to each stage is a dual number consisting of the
actual-value (‘@) and the derivative-value (g’ ).

+ The ¢;; and ¢; ; are PWL converted and computed on the
KA-CIM tile using the actual-value (‘a ) as input.

« The derivative-output is multiplied by the previous stage’s
derivative-value to generate a new dual number. The X units
available at various hierarchical stages are in fact MAC units
that can be used for this operation.

« For the addition/subtraction operation in the equation, the
actual-values (e.g. ‘@ and p ) and derivative-values (e.g. o
and p’) are added/subtracted as per chain-rule to form a
new dual number: ((a + b ).(a’ + b))

« For multiplication operations the output dual number =

Ca - b)d - b +a-p).
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Analysis of KA-CIM energy, latency, and energy-delay

KA-CIM error analysis for various tasks using 32 PWL segments (i.e.,

32) without tile partitioning. The lower and upper whiskers represent the 0.01

and 0.99 quartiles, respectively.

product (EDP) across various tasks in comparison to ASIC
and CPU performance for executing ¢* function. Contrary
to KA-CIM’s flexibility, the ASIC (28) variant is capable
of computing only exp and log functions.
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(c) Error for Trig Eq 1 = exp(sin(r- x1) + x3) o Error for F(x1) = sin(r- x1) 5 Error for F(x1) = x3 5
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Localization of high-error values (i.e. all values above 75th percentile). Thus, highlighting areas where increasing PWL segments can
significantly reduce the already low error. For Trig Eq 1, the 75th percentile, 99th percentile, and maximum errors are 1.44 x 1072,

6.36x 1072, and 1.56 x 10~!, respectively.
(d) Example Edge Scientific Computation Use-Case: Kinematic Bicycle Model (51)
Median Error Lat Eng Notes
Function - F(V, y,u) Std. Comp. P e
w/ BFloatle | KA-CIM (inns) | (in pJ) Input Range
X =V -cos(y+atan(0.5 -tan(u))) | 1.47x1072 | 5.53 x 1072 V=0-—40m/s(144Km/h)
49 39.53 | v =Heading Angle = £+ rad
Y =V -sin(y+atan(0.5-tan(u))) | 1.12x 1072 | 4.07 x 1072 u = Wheel Angle = +0.8 rad

Evaluation results of KA-CIM on the Kinematic Bicycle Model, an ex

ample edge use-case for autonomous vehicle motion planning. This

evaluation is based on randomly generated data to demonstrate KA-CIM’s superior energy efficiency while maintaining low error. With
realistic input data and application specific approximation, the error can be further reduced. The energy and latency results shown here
correspond to the total energy consumption and latency of KA-CIM when simultaneously computing both X and Y.

FIGURE 7 |
and achieving low latency (tens of ns) for all tasks.

« For division operations, we convert ¢ to (@~ 1), This

eliminates the integration of divider units in KA-CIM.

The KA-CIM achieves low latency and energy consumption,
computing both F(X) and its derivative output samples in 43 ns

KA-CIM error, energy, and latency evaluation. KA-CIM consistently exhibits low error while consuming ultralow energy (tens of pJ)

(1clk = 1ns) and 53.04 pJ, respectively. This facilitates the effi-
cient computation of algorithms that incorporate derivatives on
data streams in real-time, energy-constrained environments such
as edge computing. The reprogrammability and computational
flexibility can further support diverse applications.
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F(X) = sin(X?) - exp(X)
F’(X) -> Unknown
= Actual Value

= Derivative Value e

Dual Number

X2

X

x
W T
. |

|:| = Single Variable Function ¢; ; - Computed on KA-CIM tile

P = Derivative of ¢; ; = A new Single Variable Function q),{ j
- Computed on KA-CIM tile

:
]

N

F/(X) =

1 e —
Duplicate X

(sin(X?)-eX)+
(2-X -cos(X?)-eX)

of In-1 Stage 1 Stage 2 Stage 3

KA-CIM results for simultaneous computation of both 7 (X) and F'(X)

Median Error Latency | Energy Notes

Function Std. Comp. . . Input

w/ BFloatl6 | KA-CIM (inns) ) (inpl) Range
F(X)=sin(X?)-exp(X) | 7.03x107* | 1.95x 1073

43 53.04 | -2t02
F'(X)=L(F(X)) 1.95x 1073 | 5.46x 1073

FIGURES8 | Derivative computation with KA-CIM Architecture. The blocks £ (x2), 4 (¢*), and & (sin(x)) are single variable funtions which equates

to 2x, €*, and cos(x), respectively. The energy and latency results shown here correspond to the total energy and latency of KA-CIM for simultaneously

computing both F(X) and F (X).

2.7 | Comparison

This section compares KA-CIM with standard VMM-CIM and
prior KAN accelerators. Since GPUs are primarily optimized for
matrix multiplication, and VMM-CIM has been proven to deliver
order-of-magnitude better efficiency than GPUs for MLP inference
[5-9, 32], our comparison with VMM-CIM effectively subsumes
the GPU baseline. Table 1 compares KA-CIM with a prior
KAN accelerator [29] and with VMM-CIM. The VMM-CIM can-
didate represents a projected best-case analog design, operating at
100 TOPS/W with 8-bit precision and maximum parallelism. Here,
we focus on two applications (i.e., Application 1 and Application 2).
Application 1 involves predicting the signature of a knot that has
17 inputs and 14 outputs, where a [17, 1, 14] KAN-Inference model
achieves a similar or better accuracy than an [17, 300, 300, 300, 14]
MLP. Application 2 involves the computation of the equation
(F(x1,x,) =exp(—x;) - sinh(x,)), using a small [2,1] KAN, where
the KA-CIM error for this task is 3.77 x 10 —2. This application
is not best-suited for MLP or DNN, especially on VMM-CIM with
a fixed-point 8-bit format. However, to give the benefit of the doubt,
we consider an 8-bit 2, 64, 64, 64, 1] MLP as a VMM-CIM candi-
date. Here, we include an MLP/DNN baseline to show that high
energy efficiency is not always achieved through on VMM-CIM
architectures. Novel architectures like KA-CIM, optimized for
KAN, can achieve superior energy efficiency in scientific and
equation-driven tasks, where MLPs and DNNs have not yet

established themselves as the standard benchmark. We first discuss
KA-CIM vs VMM-CIM, followed by prior KAN accelerators.

KA-CIM computing KAN exhibits clear advantages in latency,
energy consumption, and throughput across both applications
in comparison to MLP computed on VMM-CIM. The energy-
delay product shows that the KA-CIM is two orders better than
VMM-CIM for both applications. These improvements stem from
KAN'’s ability to compress large MLPs into smaller networks—for
example, reducing an MLP requiring 189, 300 MAC operations
into a KAN with only 31 nonlinear functions. KA-CIM further
enhances efficiency by approximating these 31 functions with
PWL models, thereby converting them into just 31 MAC opera-
tions. The KA-CIM’s CIM-SSU block contributes additional
energy savings by enabling PWL comparisons through a single
memory read, requiring only a simple 1-bit sensing circuit
instead of a power-hungry ADC. Finally, KA-CIM’s optimized
compact array design for reduced read energy and latency leads
to substantial overall system-level improvements. While KA-CIM
has demonstrated advantages in such applications, its perfor-
mance on conventional datasets (e.g., image, voice, and text)
is beyond the scope of this work. For these datasets, VMM-
CIM accelerators have already demonstrated orders of magnitude
higher energy efficiency compared to CPU/GPUs [32].

A prior KAN accelerator, ASP-KAN-HAQ [29], reported results for
a hardware that was specifically designed for a KAN model of size
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TABLE1 | Comparison of KAN-CIM vs state-of-the-art KAN accelerator and conventional-CIM for scientific applications. For fair comparison with
ASP-KAN-HAQ [29], which is explicitly designed for KAN [17,1,14], KA-CIM and VMM-CIM are also explicitly designed for the given network of

application 1.

Application 1: Predicting the signature of a knot [14] - Inference

KA-CIM (This work)

ASP-KAN-HAQ [29] VMM-CIM (100 TOPS/W*?)

Network KAN = [17,1,14] KAN = [17,1,14] [17,300,300,300,14]
Total num operations 31 Functions + Sum 31 Functions + Sum 189 300 MACs
Data type BFloat (16-bit) Fixed-Point (8-bit) Fixed-Point (8-bit)
Memory cell type 1T1R 1T1R 1T1R
Variant Low Area Medium Area Low (KAN1) Medium (KAN2) —
Training parm (G,K) (10,3) (60,3) (7-10,-) (30-60,-) NA
Num. PWL segment 16 32 NA NA NA
HW accuracy (%) 81.6 83.93 81.03 86.74 —
(GPU/CPU accuracy) (81.9) (85.9) — — (78 [29])
Retraining No No Yes Yes No
Energy per 14 output samples (pJ)  135.79 152.4 257.13 392.76 3786
Latency (ns) 30 30 664 832 224
Area (mm?) 0.176 0.25 0.0143 0.063 —
EDP (pJ - ns) 407x10° 457 x 10° 1.71 x 10° 3.27 x 10° 8.48 x 10°
EDAP (pJ - ns - mm?) 0.71 X 1.14 x 10® 2.44 x 10° 2.06 x 10* —

10°
Total memory elements 4.238K 9.6875K 0.27K 217K 184.86 K

Application 2: Trigonometry Equation: F(x,, x2) = exp(—x;) - sinh(x;)

KA-CIM (This work)

MLP-CIM - 100 TOPS/W

Network KAN = [2,1] MLP = [2,64,64,64,1]
Data type BFloat (16-bit) Fixed-Point (8-bit)
Total num operations 2 Functions + Mul 8384 MACs
Energy per 2 output samp (pJ) 14.04 167.68
Latency (ns) 15 224

Output samples/s 66.66 M 17.85M
Energy delay product (pJ - ns) 2.1 x 10° 3.76 x 10*
Total memory size 1.25KB 8.1875KB

*For VMM-CIM, we consider the following assumptions:. 1) Eight-bit data width. 2) All the MACs of a single MLP layer are computed in parallel and require eight
iterations to output the final MAC result. 3) Latency for a single MLP layer = 8 x 1_Iteration_Lat = 8 X7 ns = 56 ns. 4) 1_Iteration_Lat = CrossbarRead + ADC +
Accumulation = 5 ns + 1 ns + 1 ns = 7 ns. The read latency in the VMM-CIM case is 5 ns due to larger array size requirements, which is not the case for KA-CIM.

[17,1,14], consisting of 31 nonlinear functions. It introduced two
hardware variants, referred to as KAN1 (low area or high perfor-
mance) and KAN2 (medium area or high accuracy). In contrast,
our proposed KA-CIM accelerator (shown in Figure 5) is a multi-
core architecture capable of flexibly supporting KAN models with
arbitrary dimensions and up to 384 nonlinear functions. To enable
a direct comparison with ASP-KAN-HAQ [29], we re-evaluate KA-
CIM, explicitly designed for the [17,1,14] KAN with 31 functions.
As with ASP-KAN-HAQ), we also report results for two design var-
iants that are directly comparable to KAN1 and KAN2 of [29], i.e.,
low-area (high-performance) and a medium-area (high-accuracy)
implementation (refer to Figure S15 and S16 of Supporting
Information). These re-evaluated results are applicable only for
Application 1. As shown in Table 1, KA-CIM achieves superior
energy efficiency (1.89 x-2.57 X ) and significantly lower latency

(22%x-27x) compared to ASP-KAN-HAQ [29]. These gains are
attributed to KA-CIM’s ability to compute single-variable func-
tions using a single MAC operation, in contrast to the multi-MAC
approach used in [29]. Furthermore, our architecture inherently
enforces small array dimensions, which in turn enable optimized
array design and effectively reduce overall energy and latency.
To enable a comprehensive architectural efficiency comparison,
we evaluate both designs using the energy-delay product (EDP)
and the energy-delay-area product (EDAP). KA-CIM outperforms
ASP-KAN-HAQ with 42x-71x improvement in EDP and
3.4 x-18% improvement in EDAP. Our low-area KA-CIM variant
achieves the same inference accuracy as prior work, while the
medium-area variant shows a modest 2% reduction compared
to GPU/CPU. However, it is important to note that our inference
accuracy is obtained without any hardware-specific retraining,
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unlike ASP-KAN-HAQ, which relies on retraining for accuracy
recovery. With retraining, KA-CIM’s accuracy can be further
improved, effectively compensating for this loss. It is important
to note that as the G value increases, the memory capacity gap
decreases, narrowing to approximately 5x, while the EDAP
advantage increases, reaching up to 18x. This trend clearly dem-
onstrates that for realistic, high-complexity scenarios requiring
larger G values, KA-CIM significantly outperforms [29], both in
efficiency and scalability. The choice of G=60 for our medium-
area variant is intended solely to demonstrate that a 32-segment
PWL approximation can effectively represent complex functions
trained using higher G values and does not imply that our work
requires a higher G value. The same energy, area, and latency
results hold true for other G values as well, provided the number
of PWL segments is the same. Furthermore, with advances in 3D
integration and continued scaling of memory technologies, our
fully memory-centric KA-CIM architecture is well positioned to
further improve in area efficiency and scaling to larger networks.

Compared to a Stochastic Computing-based KAN accelerator [30],
KA-CIM achieves 2.15x lower power consumption (0.73 mW vs.
1.57mW) and 2x better accuracy (mean error of 1.09 X 1072 vs
2.1x1072) for computing exp(sin(z - x;) +x3). SMURF [54] is
another stochastic-based hardware architecture suitable for KAN
acceleration due to its ability to flexibly compute arbitrary non-
linear functions. Compared to SMURF, KA-CIM achieves signifi-
cantly lower latency. Computing the single variable tan  function
in KAN-CIM requires 15 cycles (or 15 ns) and has a mean error of
1.09 x 10~2, whereas SMURF requires 256 cycles to attain a simi-
lar error. At a reduced latency of 64 cycles, SMURF’s mean error
increases to 3.7 x 10~ 2. This highlights a fundamental limitation
of stochastic methods, i.e., accuracy is directly dependent on bit-
stream lengths that increase the latency. Recently, photonic
device-based KAN accelerators have also been proposed [31].
Such designs report a high power consumption of 2—3 W for a
500-parameter KAN model, whereas KA-CIM achieves a signifi-
cantly lower power consumption of 5.08 mW for a larger 2.17K
parameter KAN model that generate 17 output sample in parallel
(i.e. Application 1). Nevertheless, a direct comparison between
these two fundamentally different device technologies would
not be entirely fair.

NN_LUT [55] is a LUT-based universal nonlinear function
approximator using PWL, similar to KA-CIM, which can also
be adapted for KAN acceleration. Unlike the memory-centric,
thermometer and one-hot encoded KA-CIM tile, NN_LUT relies
on standard digital logic (Figure S19 of Supporting Information)
and uses binary encoded breakpoints. To an extent, NN_LUT
serves as KA-CIM’s equivalent digital-logic counterpart. KA-
CIM’s design results in superior energy (1.29pJ vs. 4.118 pJ)
and a smaller area footprint (6,012.77 um? vs. 9000 pm?) by replac-
ing 32x 16-bit digital comparators and PWL breakpoint registers
with a specialized CIM-SSU. Note that this comparison does not
account for the area and energy consumption associated with
MAQC, as it is identical for both architectures in the context of
PWL approximation. Furthermore, KAN accelerators typically
require parallel computation of multiple single-variable functions
that increase the memory demands for storing PWL parameters
(breakpoints, slopes, and intercepts). In this regard, KA-CIM’s
memory-centric architecture offers a more efficient solution than
traditional CMOS logic-based implementations like NN_LUT,

which require frequent transfer of PWL parameters to be moved
between the on-chip memory and comparators.

The prior work [56-59] proposed Logic-in-Memory architectures
for flexible computation but required breaking computations
down to logic gate level, making them inefficient for complex
nonlinear tasks. As per [59], an 8-bit arithmetic and logic opera-
tion consumes energy of 38.22 pJ and a latency of 1397 cycles.
Compared to these results, KA-CIM consumes an energy
of 33.85pJ and a latency of 33 clock cycles (or 33ns) for a

16-bit Root-Sum-Square computation (w/x%+x%+x§+xﬁ). A

few state-of-the-art methods, such as CompressedLUT [60],
Flopoco [61], and Unary [62], proposed the design approaches that
generate highly optimized hardware for a given nonlinear function.
These approaches are well-suited for fixed-function implementa-
tions butlack the flexibility required for KAN hardware accelerators.
Since KA-CIM is designed for the flexible computation of any non-
linear function, comparing it with function-specific optimized
implementation obtained from these methods would be unfair.

3 | Discussion

This work introduces KA-CIM, a memory-centric accelerator that
demonstrates how cross-layer codesign—spanning algorithm,
architecture, circuits, and devices—can enable efficient computa-
tion of Kolmogorov-Arnold Networks (KANSs). By exploiting PWL
approximations, we reduce arbitrary nonlinear functions to single
multiply-accumulate (MAC) operations, achieving predictable
latency and energy independent of function complexity. Compact
1T1R arrays (16 X 64 and 32 X 16), fabricated with HfO,-based
memristive devices, are co-optimized with an RC-discharge sens-
ing scheme, yielding fast reads (1.5ns) at low energy (4.2 {J/bit).
We demonstrated KA-CIM’s use cases beyond KAN inference for
multivariable equation solving and derivative computations, illus-
trated across several example tasks. Across these, KA-CIM consis-
tently operated within tens of picojoules of energy and tens of
nanoseconds of latency. It further outperformed existing CPUs,
ASICs, VMM-CIMs, and prior KAN accelerators in terms of
both energy-delay product and energy-delay-area product. These
results can enable broader KAN deployment for energy-efficient
scientific computing and AI + Science applications.

We note the potential to develop hybrid chips integrating two com-
plementary energy-efficient blocks: VMM-CIM and KA-CIM.
While KA-CIM is tailored for nonlinear workloads, VMM-CIM
excels at matrix operations required by MLPs and DNNs. A hybrid
architecture combining these two paradigms could substantially
broaden the scope of energy-efficient computing beyond what
either can achieve in isolation. Several application domains stand
to benefit from such a design. In chip design automation, KA-CIM
could accelerate equation-defined circuit evaluations, while VMM-
CIM supports DNN-driven layout optimization and mapping.
In scientific computing, KA-CIM offers efficient computation of
physics- and chemistry-based equations, while VMM-CIM extracts
insights from the resulting data streams through conventional AI
models. Similarly, in climate modeling, financial analysis, edge
computing, and other domains, such a hybrid architecture could
simultaneously manage large-scale data-driven workloads and
complex equation-driven computations. Beyond such coarse-
grained applications, hybrid designs may inspire AI models that

14 of 20

Advanced Intelligent Systems, 2026

85UB017 SUOWLIOD aA18.D) 8dedl(dde sy Aq peuenob 8 sejoiie VO ‘8SN JO S3|NJ J0j Akeiqi Ul uO /8|1 UO (SUONIPUCD-pUR-SWS)A0D B 1M Aeig Ut |uoy//Sdny) SUONIPUOD pue Swie | 8y} 8eS *[9202/90/0T] Uo Akeiqiauliu A8|IMm ‘Jelued YoJesssy HWO yolne wniuezsbunyosiod Aq 022105202 AS1e/z00T 0T/I0p/wo A3 | A g 1 pul [uo"peoueAe//Sdny Wwouy pepeojumod ‘S ‘9202 29SY0r9z



interleave conventional MLP layers with mathematical equation-
based KAN layers. Such models are speculated to reduce network
depth and width, improve task adaptability, and enable compact
multitask networks with minimal energy overhead. By efficiently
mapping these hybrid models, VMM-CIM and KA-CIM together
could define a new class of accelerators that unify data-driven
and equation-driven computing. Lastly, the architecture can be
extended to KAN training, where a KA-CIM tile, in combination
with a digital-logic- or VMM-CIM-based gradient descent compu-
tation unit, directly updates the PWL slope and intercept. For such
a configuration, we propose using a volatile memory instead of the
RRAM array used here, but this will be quantified and explored in
future work.

4 | Materials and Methods
4.1 | Memristor Fabrication

The investigated memristive devices were fabricated on a 180 nm
technology chip provided by X-FAB semiconductor foundries
GmbH with a CMOS compatible back end of line process.
This 180 nm technology is only used for memristor device fabri-
cation and characterization. All other evaluations of the KA-CIM
accelerator are using 28 nm technology. The fabrication of the
180 nm CMOS chip was stopped at metal layer 4 with tungsten
vias connected to the transistors. The process flow starts with
contact pads of 5nm Ta and 50 nm Pt obtained by DC sputtering
from the respective metal targets at room temperature, pattern-
ing by UV lithography and structuring by reactive ion beam etch-
ing (RIBE) with argon at room temperature. The 100 X 100 nm
sized filamentary VCM-type Pt/HfO,/TiO,/Ti/Pt devices were
manufactured between the contact pads using stacks built from
metal layers and metal oxide layers patterned by electron beam
lithography and structured with a room temperature RIBE pro-
cess using Argon. The metal layers, consisting of 5nm Ta and
25nm Pt for the bottom electrode and 10nm Ti and 20 nm Pt
for the top electrode, were deposited by DC sputtering at room
temperature. The 3 nm HfO, and 3 nm TiO, layers were depos-
ited by atomic layer deposition (ALD) in a FlexAl system of
Oxford Plasma Technologies at a table temperature of 300°C
[37, 63]. For HfO,, tetrakis(ethylmethylamino)hafnium (TEMAH)
and oxygen plasma were used, and the TiO, layer was deposited
from tetrakis(dimethylamino)titanium (TDMAT) and water vapor.
The semiconductor-grade metal precursors were purchased from
Dockweiler Chemicals GmbH. The device fabrication was finalized
by metal lines (50nm Pt), sputtered and structured by lift-off,
which connect the BE and TE with the respective contact pad
of the underlying CMOS. The resulting 1T1R structure has the
active electrode (Pt) of the VCM cell connected to the source of
the NMOS transistor of the size W/L = 1.

4.2 | Memristive Device Measurements

The electrical characterizations of the 1T1R structures were per-
formed using a Keithley 4200A SCS equipped with two channel
pulse measure units (4225-PMUs) and four remote amplifiers
(4225-RPMs). To enable a good control of the voltage applied
to the VCM device for electroforming and set programming,
the active electrode (Pt BE) is connected with the transistor’s
source side (see ref. [64]). For the set process, a positive voltage

V. is applied via the SL while the BL is grounded (Vg =0V).
The maximum current is defined by the transistor’s gate current
controlled by the voltage on the WL. For the reset process, a pos-
itive voltage is applied to the BL while keeping the SL grounded
(VgL =0V). During reset, the transistor is fully opened. The elec-
troforming process was carried out with a triangular voltage signal
with a sweep rate of 1kV/s and a current compliance of 150 pA
defined by the transistor’s gate voltage. After forming, about a
hundred switching cycles were performed to ensure proper device
functionality. For further discussion, the voltage polarity is defined
by its sign. Hence, the operation parameters to achieve the desired
LRS and HRS values of 10 kQ and 3 MQ, respectively, were as
follows: a forming voltage of Vrory max = —3-3V, a SET voltage
of Vsprmax=—20V at Vy; =28V, a RESET voltage of
VRESET,max =24V at V=5V, and a READ bias of Viggap
between 0.3Vand0.4V. We first verified that the deeper HRS
can be reached across all devices. For this, we performed one-shot
programming on 18 devices, all of which successfully reached the
target 3MQ HRS, suggesting that using a read-verify scheme
would reliably achieve the desired state. We then selected one
of the worst-performing devices for long-term resistance stability
analysis. The rest of the device measuments were based on a read-
and-verify programming scheme consisting of set, reset, and read
pulses that gradually pulses the cell into the desired resistance
state. After each set and reset pulse, a read is done to check the
resistance value. After the intended measurement, three switching
sweeps are performed in order to prepare the cell for the following
read and verify algorithm and check if the device is working. The
read drift measurements were performed by applying a 0.4 V read
pulse for 1s to the device every 1000s for a total number of
10 repetitions. To further stress the resistance state, a read disturb
experiment was performed. A 500 s long read pulse is applied on
the 1T1R structure while recording the current values every one
millisecond. In both cases, a small tilt of the LRS distribution was
observed, while the tilt of the HRS was much stronger. This tilt of
HRS value to 550 k€2 and LRS to 15k is within the limits of the
reliable sensing of the data by the RC discharge-based sensing cir-
cuit. Please refer to Supporting Information Text 3 for more details.
For all circuit- and system-level simulations, we used the worst-
case upper-limit LRS and lower-limit HRS from the worst
performing device, thereby accounting for both device-to-device
variation and long-term variation. This ensures that the resulting
errors remain within the reported range to support the high-
precision claims of the manuscript.

4.3 | TIR Array and Sensing Circuit
431 | Area

All evaluations of KA-CIM were carried out using TSMC 28 nm
CMOS technology. To estimate the area of a 1T1R cell in this tech-
nology, we implemented a 2 X 2 cells using 1.8 V NMOS devices in
Cadence design tools. The area estimation is based on the footprint
of the access transistor, over which a 100 x 100 nm VCM device
can be integrated. We assume that the VCM device is integrated
between Metal 5 and Metal 6. This cell design was then extended
to the full array size (16 X 64 and 32 X 16) to evaluate all the array
area within a tile. Post-layout parasitic extraction was performed to
obtain the bitline and wordline capacitances, which are essential
for latency and energy estimation. The RC discharge-based sens-
ing circuit was also implemented at the layout level in Cadence for
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area estimation. The sense amplifier layout was matched to the
width of the 1T1R cell to ensure integration feasibility.

4.3.2 | Energy and Latency

This work focuses on read energy and latency, as KA-CIM is
read-dominant and writes are performed only once during ini-
tialization. Consequently, write energy and latency have negligi-
ble amortized impact, whereas read operations dominate both
system performance and energy consumption. This simplifica-
tion allows for a more accurate estimation of array-level read per-
formance without introducing the complexity of write modeling.
This approach is consistent with the methodology in other KAN
accelerators [29, 30] and many VMM-CIM architecture studies
focusing on DNN inference. A detailed netlist of both the array
and the sensing circuit was implemented in Cadence Virtuoso.
The memory cell was constructed using 1.8 V NMOS access tran-
sistors from a 28 nm PDK and passive resistors configured to rep-
resent suitable LRS and HRS values (including their variation).
The LRS and HRS values and its variations are based on post-
silicon VCM device characterization. Passive resistors were used
in place of a compact memristor model, as both exhibit equiva-
lent behavior during read operations for a given resistance. The
array circuit simulations included post-layout extracted wire par-
asitics and internally considered transistor parasitics to ensure
accurate latency and energy estimation. Device-level variations
were also considered: CMOS variations captured through
Monte Carlo simulations and cell resistance variation derived
from measured read distributions. The wire capacitance was esti-
mated to be 1.7 fF/12.5 pm. In our evaluations, the capacitance of
the RC-discharge sensing path includes not only wire parasitics
but also all cell-transistor parasitics. Our estimations show a
worst-case read latency of 2.5ns (excluding precharge, 1.5 ns)
and energy of 4.2fJ/bit (including precharge).

Although write energy/latency was not estimated in this work, we
evaluated that the proposed 1T1R cell design with a 1.8V, 28 nm
NMOS access transistor can meet the programming voltage
and current compliance requirements of the memristor device.
Details are provided in Figure S11 and Table S2 of Supporting
Information. The objective was not to reproduce the full write
operation, but rather to verify that the voltage drop across the
memristor can reach the required high levels without exceeding
NMOS device limits. Furthermore, we also verified that the cur-
rent compliance is consistent with post-silicon measurements
from the 180 nm test chip during critical phases such as HRS-to-
LRS and LRS-to-HRS transitions. To this end, passive resistors
were used in place of a memristor model, as our evaluation
was limited to ensuring set/reset voltage and current feasibility
with compact transistors rather than estimating write latency
or energy. We also consider that in the future, we can fabricate
forming-free VCM devices. Hence, eliminating the need for 3.3V
operation. Furthermore, motivated by the increasing interest from
technology providers in supporting emerging memory IPs, we rea-
sonably assume that advanced CMOS nodes will provide suitable,
low-area, memory device-specific transistors in the future.

44 | KA-CIM Tile

The array and sensing circuit IP blocks were integrated to con-
struct the KA-CIM tile, including the CIM-SSU, slope array,

and intercept array. The remaining digital peripheral circuits, such
as the row decoder, row driver, selection logic, and data converters,
were implemented using standard logic gates from the technology
library. The post-layout area of both the array and the digital logic
was used to estimate the tile area. The complete tile design, includ-
ing control circuitry, was implemented in Cadence Virtuoso for
energy and latency simulations. To assess the impact of process
variations on circuit behavior, Monte Carlo simulations were per-
formed. The read timing skew between arrays and between the
array bitlines is avoided by enabling the subsequent selection
peripheral logic after the worst-case read latency using flip-flop
based half clock and quarter clock control circuitry.

4.5 | Tile Enable Comparator, MAC Unit, X Units,
Data Buffers, and Data Communication

The area, energy, and latency of the tile-enable comparators were
obtained from SystemVerilog implementations synthesized to lay-
out using Synopsys tools, including Design Compiler, IC Compiler,
and PrimePower. The BFloat16 digital MAC unit metrics (area,
energy, and latency) were taken from a prior work in 28 nm
CMOS technology [65]. The Z6x and Stage-2 X units were
assumed to have identical characteristics to the MAC unit, reflect-
ing architectural scalability to KAN 2.0. The dual-port data input
buffer (DIB) and output data buffer, both implemented using
SRAM, were characterized based on values reported in prior
VMM-CIM literature [8]. Communication energy was estimated
by scaling the reported 6 pJ for 64-bit transmission over a 1 mm
bus [66, 67] to match our bus length and width. This work draws
on post-silicon measurement data previously reported in [66, 67].

4.6 | Overall

The area of all units is summarized in Figure 5, and the corre-
sponding energy and latency metrics are presented in Table S3 of
Supporting Information.

4.6.1 | Performance Analysis

A Python model of KA-CIM was developed to perform hardware
evaluations for various tasks. This model is configured with indi-
vidual circuit worstcase energy and latency listed in Table S3 of
Supporting Information, programmed with PWL-converted single
variable functions, and is evaluated with a large stream of input
data samples to obtain the final KA-CIM error, energy, and latency
for any given KAN. All latency results presented in this work
assume a 1ns clock cycle, but the actual circuit latency can be
longer than 1 ns (i.e., multiple clock cycles). For example, the tile
latency presented in Table S3 is 4 ns, which corresponds to 4 cycles
that include all tile array read and precharge latency. The conver-
sion of tasks/equations corresponding to Figure 7a and Table S5
to the KAN form is exact and is done manually (Supporting
Information Text 11). By doing so, we can focus solely on the
errors induced by PWL and KA-CIM architecture, while eliminat-
ing training-related loss. The KAN for demonstrating KA-CIM
results in Table 1 is extracted from training the dataset provided
in [14]. The conversion of single-variable functions of KAN to the
PWL form is accomplished using the PWLF Python library [68].
Please note that the functions to be PWL approximated need not
be an interpretable or known functions but can be any arbitrary
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function represented as a two-column dataset (i.e. list of input and
output values). All the results in this paper are with N = 32, dem-
onstrating that 32 PWL segments suffice for most cases. The PWL
breakpoints, slope, and intercept values obtained from PWLF
library are initially represented in FP32 and quantized to BFloat16
before being programmed into KA-CIM. Since BFloatl6 retains
the same sign and exponent width as FP32 but has a reduced man-
tissa (7-bit vs. 23-bit), this quantization step simply discards the
least significant 16 bits. The conversion is performed using the

Python PyTorch library.

The GPU latency evaluations of KAN and MLP layers in Figure 1
were conducted on NVIDIA A100. The MLP layer was imple-
mented using the PyTorch Python library [69], while the B-spline
methodology was used to implement the KAN layers (as suggested
in [14]). Latency measurements were recorded using PyTorch’s
profiling tool, which provides detailed duration data for all
CPU and GPU operations. A batch size of 1000 was chosen for
both the MLP and KAN layers to ensure efficient GPU utilization.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Supporting Fig. S1: CIM-based Segment Selection
Unit’s (CIM-SSU’s) operation for positive and negative numbers.
Supporting Fig. S2: Example operation of the CIM-SSU for a 16-bit
fixed-point format with four breakpoints. Input x=10.5 and breakpoints
X, =-22.984375, X,=-6.953125, X3=1.76171875, X,=36.53515625.
Please note that the sense amplifier output (i.e. RG) is 0 for disabled col-
umns. Supporting Fig. S3: Example operation of the CIM-SSU for a 16-bit
BFloat format with four breakpoints. Input x=10.5 and breakpoints
X, =-22.984375, X,=-6.953125, X;=1.76171875, X,=36.53515625.
Please note that the sense amplifier output (i.e. RG) is 0 for disabled col-
umns. Supporting Fig. S4: Extended results of Figure 3a. Tile error and
energy (excluding communication and chip-level peripheral overhead) as
a function of the number of PWL segments (N) for various elementary func-
tions. The crossover point between energy and error occurs around N = 32
(i.e., either between 16-32 or 32-64). This motivates choosing N =32 as the
standard tile configuration. Supporting Fig. S5: Extrapolation of read drift
measurements of Figure 4d for long term reliability verification.
Supporting Fig. S6: a) Schematic of a 1T1R device showing Vg, Viwr
and Vp. b) Programming scheme of the READ disturb. ¢) Read disturb
behavior of our VCM device applied with 31 consecutive read pulses of
16 s each with a 0.4 V read voltage. This duration corresponds to 320 billion
read operations per cell, considering the array read time of 1.5 ns. As pre-
sented in main text, the sense amplifier can handle this worst-case variation
without any errors even with worst-case transistor variation. Supporting
Fig. S7: a) Programming scheme of the 1T1R device for sweep measure-
ments. b) Device-to-device variation: CDF values of LRS and HRS state
obtained by one-shot switching of 18 1T1R devices for at least 100 cycles
without a read and verify. The goal here is to show that all devices reach the
desired resistance states proposed in the application, which are LRS < 10kQ2
and HRS >3MQ (dashed line). Supporting Fig. S8: a) Programming
scheme of the 1T1R device for endurance measurements. READ pulses
are applied after every 10"-3 {n = 1,2,3,.} SET/RESET operations.
b) Stable switching of the 1T1R devices was typically obtained up to
5-10° cycles. This value, which allows the use of the devices in the proposed
application, represents a lower limit of the device performance. Note: the
variation of HRS and LRS is due to not using a read and verify scheme.
Supporting Fig. S9: The SET probability as a function of VSL and
VWL with different pulse widths of 1us (a) and 10ps (b) on the 180nm same
1T1R structure. Supporting Fig. S10: Extracted LRS distribution after the
different SET pulses plotted for one exemplary HRS distribution.
Supporting Fig. S11: Simulated operating voltages of the proposed
28nm 1T1R cell design using a 1.8V NMOS access transistor, confirming
compliance with the required voltage ranges for forming, SET, RESET, and
READ modes. Supporting Fig. S12: Waveform of the KA-CIM tile depict-
ing the CIM-SSU array, Slope array, and Intercept array during read oper-
ations. Supporting Fig. S13: An example two-layer KAN with 5 inputs and
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1 output. Here, F;s is assumed to be distributed across two tiles with Tile
Partition enabled. Supporting Fig. S14: Pipelined timing diagram of KA-
CIM for [17, 1, 14]. Latency: 30 cycles; throughput:1/max(Layerllat,
Layer2lat)=1/19ns ~ 52.63M samples/s. Supporting Fig. S15: Medium
Area Variant: Single core design of KA-CIM for KAN [17,1,14] with 32
PWL segments per function. Suitable for KAN trained with up to
G =60, K=3. Comparable to the KAN2 variant in (29). Supporting
Fig. S16: Low Area Variant: Single core design of KA-CIM for KAN
[17,1,14] with 16 PWL segments per function. Suitable for KAN trained with
up to G =10,K = 3. Comparable to the KAN1 variant in (29). Supporting
Fig. S17: Energy breakdown for the two KA-CIM variants designed for
[17,1,14] KAN. Tile=SB+ AS+ M, C=SI+ SO + SC, X = stagel + stage2.
Refer Supplementory Material 8 for the definitions of FI, SI, SB, AS, M,
SO, SC, and ST. Supporting Fig. S18: Error Behavior of KA-CIM in
Root-Sum-Square Computations with Quadratic Scaling of Intermediate
Outputs:Four-Variable Equation /(x? +x3 +x3 +x2) Simulated on KA-
CIM (32 PWL Segments) vs Baseline Full Precision (FP32). Note: The blue
Baseline curve overlaps with the orange curve in most parts of the graph,
indicating the low error of KA-CIM (i.e. median error =90th percentile
error = 6.32 x 1072). Supporting Fig. S19: a) Standard digital-logic-based
PWL approximation unit, similar to NN_LUT (55). Layout of digital-logic
basedPWL approximation unit in 28 nm technology (excluding the MAC).
Supporting Table S1. Example encoding for positive and negative break-
points before storing them in a desired memory array in case of BFloat16.
Supporting Table S2. Comparison of memristor operating currents: mea-
sured vs simulated. Supporting Table S3. Latency and Energy of various
KA-CIM circuits. Supporting Table S4. Mapping of KAN [17,1,14] to a
single core KAN-CIM design. Supporting Table S5. Analysis of KA-
CIM error, latency, and energy for various applications is conducted with
N =32 and no tilepartitioning. Errors for both KA-CIM and standard com-
pute using the BFloat16 data type are benchmarked against the 32-bitfloat-
ing-point baseline. Median error is reported instead of the average error, as
it effectively handles outliers. We assume thatthe outlier errors can be min-
imized by assigning individual PWL segments or increasing segments using
multiple tiles in thefuture. Details on converting these example multi-vari-
able equation to KAN are provided in Supplementary Material 11 and 12.
Supporting Table S6. Comparison of KAN-CIM with ASIC accelerator
and CPU for non-linear function computation. Exp function isused as a
target task for all three architecture types. EDAP = Energy-Delay-
Product, EDAP = Energy-Delay-Area-Product.
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