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Abstract—Kolmogorov-Arnold Networks (KANs) have gar-
nered significant attention for their promise of improved param-
eter efficiency and explainability compared to traditional Deep
Neural Networks (DNNs). KANs’ key innovation lies in the use of
learnable non-linear activation functions, which are parametrized
as splines. Splines are expressed as a linear combination of basis
functions (B-splines). B-splines prove particularly challenging to
accelerate due to their recursive definition. Systolic Array (SA)-
based architectures have shown great promise as DNN accelera-
tors thanks to their energy efficiency and low latency. However,
their suitability and efficiency in accelerating KANs have never
been assessed. Thus, in this work, we explore the use of SA
architecture to accelerate the KAN inference. We show that, while
SAs can be used to accelerate part of the KAN inference, their
utilization can be reduced to 30%. Hence, we propose KAN-SAs,
a novel SA-based accelerator that leverages intrinsic properties of
B-splines to enable efficient KAN inference. By including a non-
recursive B-spline implementation and leveraging the intrinsic
KAN sparsity, KAN-SAs enhances conventional SAs, enabling
efficient KAN inference, in addition to conventional DNNs. KAN-
SAs achieves up to 100% SA utilization and up to 50% clock
cycles reduction compared to conventional SAs of equivalent
area, as shown by hardware synthesis results on a 28nm FD-
SOI technology. We also evaluate different configurations of
the accelerator on various KAN applications, confirming the
improved efficiency of KAN inference provided by KAN-SAs.

Index Terms—Kolmogorov-Arnold Networks, hardware accel-
erator, systolic array

I. INTRODUCTION

The Kolmogorov-Arnold Network (KAN) is a neural network
architecture [1] that has garnered interest and been adopted in var-
ious applications, such as time series analysis [2], recommender
systems [3], and medical image segmentation [4]. The main
interest of KANs lies in their improved parameter efficiency and
explainability compared to conventional Deep Neural Networks
(DNNs). This is enabled by replacing the conventional scalar
weights with learnable spline-based activation functions, which
are parameterized in a basis function (B-spline). However, this
leads to an increase in computational complexity proportional
to the basis size. Indeed, to compute KAN inference, instead
of a single scalar multiply, each basis function must first be
evaluated at the input, and then a linear combination of all the
basis functions is performed. Moreover, the B-spline functions
are evaluated recursively through the Cox-de Boor formula (See
Eq. 3), which makes their acceleration challenging.

Recent artificial intelligence (AI) accelerators increasingly rely
on spatial architectures, which have become the de facto standard
for AI acceleration. Such architectures efficiently execute general
matrix multiplication (GEMM), the core operation underlying

many AI workloads. Prominent examples include Google’s Ten-
sor Processing Unit (TPU) [5] and NVIDIA’s Tensor Cores, first
introduced in the Volta GPU microarchitecture [6]. The efficiency
of spatial architectures stems from their ability to maximize data
reuse and minimize data movement, which dominates the energy
cost [7]. Building on this foundation, numerous works have
proposed further optimizations tailored to specific workloads.
For instance, Eyeriss [8] introduced dataflow optimizations to
improve the efficiency of convolutional neural networks. Other
efforts, such as SCNN [9], explored computation on compressed
weights and activations to exploit zero weights stemming from
model pruning and zero activations that occur in ReLU-based
networks. The unique design of KANs limits the effectiveness
of existing solutions in accelerating KAN inference compared
to other AI applications. Specifically, the recursive nature of B-
spline function computation creates a considerable bottleneck,
making it challenging to take full advantage of the efficient
GEMM executions in spatial architectures such as modern GPUs
or Systolic Arrays (SAs) [10], which are the foundation of mod-
ern TPUs.

Therefore, research efforts have been focusing on new ap-
proaches to accelerate KANs (details in Sec. II-B). Among recent
studies, compute-in-memory (CIM) approaches have been pro-
posed [11], [12]. In such studies, different ways to approximate
the learned non-linear KAN functions or their basis are utilized,
such as piece-wise linear (PWL) approximation. However, no
insights are offered into how spatial (non-CIM) architectures
may be optimized for KANs. A recent approach, ArKANe [13],
focuses on the B-spline evaluation bottleneck. It proposes an
efficient dataflow acceleration methods for the Cox-de Boor
recursive formula, achieving a considerable speedup compared to
CPU and GPU implementations. While all these efforts consider-
ably improve knowledge of KAN acceleration, unfortunately, the
current literature lacks solutions to efficiently accelerate KANs
on spatial architectures, and particularly on SAs. To address
this gap, this paper analyzes and utilizes the KAN properties to
enhance SAs, enabling efficient end-to-end inference acceleration
of KAN while maintaining the generality of the accelerator for
non-KAN DNN workloads.

As shown in Section III, once the B-splines have been eval-
uated, their linear combination is nothing more than a GEMM
operation, which can be accelerated on SAs. Regarding the B-
spline computation, we observe that a direct floating-point im-
plementation of the recursive evaluation of B-splines is quite
costly. For inference-only acceleration, an efficient tabulation
strategy of B-splines is possible, thanks to their properties [12].
Furthermore, B-spline computation results in an N :M sparsity



pattern in the values processed by the SA, thereby leading to
low Processing Element (PE) utilization. Designing a PE of the
SA that can handle inputs with a KAN-specific N :M sparsity
pattern is needed to improve the overall efficiency of the SA [14].
To the best of our knowledge, there is currently no SA-based
accelerator that, in addition to standard DNN workloads, can
accelerate KANs by utilizing non-recursive B-spline computation
and achieving high PE utilization. In summary, this work makes
the following contributions:

• We show how a KAN layer can be transformed into a
GEMM formulation for execution on a systolic array, and
analyze the causes of the inefficiencies that lead to low
throughput and poor PE utilization.

• Building upon our analysis, we include in KAN-SAs the
needed architectural modifications to handle such inefficien-
cies. These consist of a PE (i) enhanced with a non-recursive
B-spline unit and (ii) providing efficient handling of the
N :M sparsity pattern generated by B-splines.

• We synthesize KAN-SAs on a 28nm FD-SOI technology
and evaluate its improvements compared to a conventional
systolic array and to the state-of-the-art approach for B-
spline acceleration. Our results show that the proposed
KAN-SAs achieves 39.9% average improvement in PE uti-
lization and 50% clock cycle reduction on average compared
to conventional SAs. Moreover, the B-spline evaluation
approach utilized in KAN-SAs achieves more than 72×
improvement compared with the state-of-the-art approach.

KAN-SAs source code is available at https://github.com/
sohaiberrabii/kansas.

II. BACKGROUND

In this section, we present the core operation of a KAN layer
and the implications for execution on a systolic array.

A. KAN Layer
The main difference between a layer in a Multi-Layer Percep-

tron (MLP) and a KAN layer is illustrated in Fig. 1. It essentially
involves replacing the weights at the connections with learnable
activation functions ϕi. In general, a KAN layer as originally
proposed [1] can be expressed as follows:

KANLayer(x) =
∑

wiϕi(x) + wbb(x) (1)

In the first term, the wi scales suggested by [1] offer better
control of the magnitude of the activation functions ϕi; however,
at inference time, they can be absorbed in the functions ϕi.
The second term of the equation, which is not represented in
Fig. 1, serves as a form of bias. In practice, it can be considered
an MLP layer with a fixed non-linear activation (e.g., SiLU or
ReLU) applied before the dot product. While this paper focuses
on the first term, the proposed accelerator is capable of executing
conventional MLP workloads and therefore any KAN layer that
follows (1).

As illustrated in Fig. 1, in an MLP layer, a matrix-vector
multiplication between the inputs and the weights is followed by
a non-linear activation using fixed functions such as ReLU. In
the KAN layer, learnable non-linear functions are evaluated on
the inputs, followed by the sum of all activations (see Fig. 1(b)).
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Fig. 1: A single layer of dimensions [2, 1] for MLP (left),
KAN Spline View (middle) and KAN Matrix-Multiply View
(right).

These activation functions are learned through parameterization
in some function basis (ϕ(x) =

∑
i ciBi(x)). That is, the

learnable parameters of the KAN layer are the coefficients ci for
the linear combination in this basis. Since the parameterization
is a linear combination, we can view the KAN layer as a matrix
multiply, as shown in Fig. 1(c). First, all the basis functions are
evaluated at the inputs to obtain an intermediate matrix B of
dimensions (M,Nb ×K), with (M,K) being the dimensions of
the input matrix, and Nb the size of the function basis. The matrix
multiplication is then performed with the coefficient matrix of
dimensions (Nb ×K,N), with N being the output dimension of
the layer (in Fig. 1, N = 1, K = 2).

Therefore, the second part of the KAN layer can be efficiently
accelerated by conventional hardware platforms, such as GPUs
and SAs. However, the first part, i.e., the evaluation of the basis
functions, poses a significant computational challenge. Indeed,
the basis first proposed by [1] and also adopted by many KAN
applications [2], [4], [15], [16], is the B-spline basis. This basis is
defined by the following Cox-de Boor [17] recursion formula:

Bi,P (x) =
x− ti

ti+P − ti
Bi,P−1(x)+

ti+P+1 − x

ti+P+1 − ti+1
Bi+1,P−1(x)

(2)
with

Bi,0(x) =

{
1 if ti ≤ x < ti+1

0 otherwise.
(3)

The points ti are referred to as the knot sequence of the B-spline,
P is the spline degree, and G is the grid size used for discretizing
the input domain of the layer. These are hyperparameters of
the KAN layer. Importantly, the recursive formulation of Eq. 3
introduces dependencies between computational stages, making
it not efficiently parallelizable on GPUs.

Fig. 2 illustrates the case of a uniform grid (tk+1 − tk = ∆)
with G = 3 and P = 3. As shown in the figure, the grid must
be extended to account for the contributions of B-splines that are
non-zero within the input domain, P extra intervals are added
both before and after the input domain, leading to G + 2P total
intervals, and Nb = G+ P B-spline functions.

B. Related Work
Regarding the hardware acceleration of KANs, a few ap-

proaches have been proposed in the literature. As for the ac-



Fig. 2: B-spline basis functions of degree P = 3 on a uniform
grid of size G = 3 for the input domain [t3, t6] that is extended
on both ends to account for the contributions of B-spline
functions that are non-zero within this input domain.

celeration of B-spline evaluation, ArKANe [13] has proposed
a dataflow acceleration strategy, based on an efficient unroll of
the recursive Cox-de Boor formula from Eq. 2. While this can
help during training, for inference it incurs significant latency
overhead (i.e., several cycles for each B-spline function and
input), as it still relies on the recursive computing of B-splines.
Moreover, ArKANe approach requires floating-point MAC units
and is tightly coupled to AMD-Xilinx FPGA boards, as it relies
on Xilinx’s recent spatial computing architecture (the Adaptive
Intelligent Engine, AIE), for deployment on AMD-Xilinx Versal
ASoCs. Finally, ArKANe does not target the acceleration of the
full KAN, but only of B-splines. For an inference accelerator,
a tabulation-based strategy is much more attractive for its low
resource cost and minimal latency. Moreover, it can be adapted
for both floating-point and integer-only inference [18].

A tabulation-based B-spline implementation for a CIM chip
using resistive random access memory (RRAM) was proposed
in [12]. However, this work does not target systolic arrays and
does not address the structured sparsity generated by B-splines.
Additionally, it introduces constraints specific to the accelerated
software application, such as restricting grid points to powers
of two, which limits the acceleration of more general cases. In
contrast, our approach aims to implement a more generic systolic-
array-based accelerator, assuming only a uniform grid, which
maintains the generality of the B-spline unit. As shown in [1],
fine-graining the grid is possible without retraining, using least
squares to compute new coefficients, thus enabling the approxi-
mation of non-uniform grids.

Another CIM approach based on CMOS technology was
proposed by [11]. This strategy consists of approximating the
learned non-linear KAN activations ϕi of Eq. 1 through piece-
wise linear (PWL) functions. In contrast, our approach focuses on
accelerating the evaluation of ϕi(x) =

∑
i ciBi(x) on a systolic

array architecture through efficient tabular evaluation of B-splines
Bi(x) and efficient GEMM operations.

III. GENERAL PRINCIPLE AND BASIS FUNCTION UNIT OF
KAN-SAS

In this work, we target a weight-stationary systolic array for
GEMM acceleration. In our design depicted in Fig. 3, the weights
(i.e., the B-spline coefficients) are pre-loaded into the Processing
Elements (PEs) and remain stationary while the input activations

are propagated horizontally to other PEs and the resulting partial
sums flow vertically towards an accumulator memory. This min-
imizes data movement by reusing weights and activations across
processing elements, thereby enabling high energy efficiency.
The memory hierarchy and additional architectural components
needed for a practical DNN accelerator are beyond the scope of
this paper.

A. General Architecture of KAN-SAs
Following the formulation presented in Section II-A, the only

requirement for enabling hardware acceleration of KANs through
a GEMM systolic array is the generation of the intermediate
matrix B of dimensions (BS, (G + P )K), with BS the batch
size. B represents the B-spline activations, as shown in Fig. 1(c).
To minimize the data movement required for KAN inference, we
aim to enable on-the-fly generation of this intermediate matrix B
close to the systolic array. This can be implemented by adding
a basis function unit (the BSpline block in Fig. 3) that directly
streams its values Bi(x) into the systolic array. The rest of this
section focuses on this basis function unit, whereas Section IV
will detail the PEs of the systolic array.

BSpline

Fig. 3: GEMM weight stationary (WS) systolic array with
an additional B-spline unit for on-the-fly B-spline activation
computation

B. Basis Function Unit
Using the Cox-de Boor from Eq. 2 is not particularly effi-

cient, as computing a single P = 3 function would require
20 multipliers. Expressing the B-spline in the canonical basis
1, x, . . . , x3 is still expensive, considering we need to evaluate
the G+ P functions. Moreover, as previously mentioned, the B-
spline functions exhibit several properties that enable an efficient
Lookup Table (LUT)-based implementation.

1) Tabulation Strategy: A B-spline is invariant under a trans-
lation and scaling transformation of its knot sequence [19]. i.e.,

Bt,P (x) = Bαt+β,P (αx+ β), α, β ∈ R, α ̸= 0

where t = (t0, . . . , tG+2P+1). If the grid is uniform, then
tk+1− tk = ∆. Applying the previous property with α = 1

∆ and
β = −t0

∆ , we can map our B-spline defined on an arbitrary knot
sequence ti to one defined on integer knots 0, . . . , G + 2P + 1,
also called cardinal B-spline, such as

Bt,P (x) = B[0,...,G+2P+1],P (
x− t0
∆

).

Furthermore, with the translation-invariance applied to Bk,P we
can further write

Btk,P (x) = Bk,P (
x− t0
∆

) = B0,P (
x− t0
∆

− k). (4)



Fig. 4: Illustration of efficient tabular storing of half a cubic B-
spline and computation of the others by aligning and shifting
the input x. Only the values of B0,3 corresponding to the
black sample points on the horizontal axis quantizing the
interval [0, 2] are stored. For a given input x, all the B-spline
values can be obtained by retrieving B0,3 stored values at the
aligned input xa and by shifting the evaluation point. E.g.,
Btk−2,3(x) = B0,3(2− xa).

This makes the B-spline independent of the KAN layer grid
points ti, since we only need to tabulate the function B0,P ,
thereby enabling a ROM-based implementation of the B-spline
unit. Of course, the unit must still perform the alignment required
for x shown in Eq. 4. More importantly, the key property of B-
splines for our purposes is their local support, which is given by
the extreme knots used in their definition of Eq. 3, Btk,P (x) =
0, x /∈ [tk, tk+P+1[. This is also shown clearly in Fig. 2, and
it implies that for any input x, there is at most P + 1 non-zero
B-spline activations.

To summarize, the B-spline unit must first handle the alignment
required by Eq. 4, which enables the use of stored B0,P values.
Then, relying on translation-invariance, it must infer the value of
all P + 1 non-zero B-splines. Moreover, to efficiently tabulate
B0,P , we must leverage the fact that the cardinal B-spline is
symmetric with respect to the midpoint of the support (for B0,P ,
that is [0, . . . , P + 1]), P+1

2 [19]. Therefore, we only need to
store half the B-spline corresponding to the interval [0, P+1

2 ]. For
instance, as shown in Fig. 4, for P = 3, we only need to sample
points from the interval [0, 2]; for an input x, only P+1 = 4 non-
zero B-splines exist: Btk−3,3(x), Btk−2,3(x), Btk−1,3(x), and
Btk,3(x). The aligned xa input shown in the figure ensures that
these values correspond respectively to B−3,P (xa), B−2,3(xa),
B−1,3(xa), and B0,3(xa).

2) Implementation of the B-Spline Unit: Fig. 5 shows the
table storing the B-spline values of B0,P required to infer all
the non-zero B-spline activations. The Align unit implements the
previously mentioned alignment in Eq. 4 and the Compare unit
performs an interval search to compute k, necessary for both
the alignment as well as the systolic array, as will be shown
in Sec. IV. inputs xq and tq. Using affine integer quantization
scheme with Eq. 4 we obtain the LUT address computed in Align
unit as The LUT address for retrieving the stored value for x is the
quantized aligned input xa ∈ [0, 1] to the integer range [0, 255].
The unit must obtain xaddr using integer arithmetic based on its
quantized

xaddr = clip ((G+ 2P )(xq − tq0)− 255× k, 0, 255) . (5)

0 0 32
1 1 60

2 13 117

3 32 127

Address B-Spline Value

320

127 32Compare

Align

Fig. 5: Simplified version of the B-Spline unit. The address is
inverted, and the corresponding values are reverse-packed to
obtain the remaining non-zero activations. The example values
0, 32 at the output correspond to xaddr = 0. The unit also
returns the values at ∼ xaddr = 3 in reverse. i.e. 127, 32.

Since we use an address based on xa ∈ [0, 1] and we need to
store values in [0, 2]. We simply store the value corresponding
to xa + 1 in the same address as xa. This value corresponds to
Btk−1,3(x) as shown in Fig. 4, hence the two values per row
in Fig. 5. For the other values Btk−3,3(x), Btk−2,3(x), which
correspond to B0,3(1−xa) and B0,3(1−xa+1), they are stored
in the address corresponding to 1− xa, i.e., 255− xaddr. This is
implemented in the inversion unit ∼ in Fig. 5.

IV. LEVERAGING B-SPLINES PROPERTIES IN KAN-SAS
PROCESSING ELEMENTS

In this section, we present the analysis of the B-spline proper-
ties presented previously, and how they enable the efficient accel-
eration of KAN networks on SA-based accelerators. In particular,
we show how to provide efficient handling of the N :M sparsity
pattern generated by B-splines.

A. On the Inherent Sparsity of B-splines
As illustrated in Fig. 2 and explained in Section III-B, B-

splines have local support, i.e., the B-spline Btk,P is only non-
zero within [tk, tk+P+1]. Therefore, if x ∈ [tk, tk+1], then
only the P + 1 functions Btk−P

(x), . . . , Btk(x) are non-zero
among all G+ P functions. Moreover, when x is within the grid
extension (k < P or k > G + P − 1), there are even fewer
non-zero B-splines. For example, with G = 10, P = 3, each
input would at most contribute 4 non-zero B-spline activations
among 13, which leads to at most 4

13 ≈ 30% PE utilization (i.e.,
computations involving non-zero B-spline activations) in the SA
(as shown later in Fig. 8).

To address this inefficiency, the B-spline unit must output
only the P + 1 contiguous non-zero activations along with the
integer index k specifying their positions among all the G + P
B-splines. This nice property of B-splines enables the use of
an N :M structured sparsity-aware PE (where N = P + 1,
M = G + P ) to avoid useless multiplications with zero. This
means that while the classical scalar PE in Fig. 3 performs
psumi + ciBi(x), a KAN-optimized PE has to be vectorized
to perform psumi +

∑P
i=0 ck−iBk−i(x), i.e. only involving

Bk−i(x), i ∈ [0, P ] non-zero B-spline values. This N :M struc-
tured pattern, also known as density bound block (DBB), has been
previously enforced in conventional DNNs static weights [20]–
[22] through ad-hoc pruning. Conversely, in the KAN case, this
N :M sparsity appears dynamically in the B-spline activations,
and it is guaranteed by their local support property.



BSpline

+

X
X

X

Fig. 6: Proposed KAN-SAs PE architecture showing how the
B-spline unit interacts with the N :M vector PE. Different from
the scalar PE SA in Fig. 3, each B-spline unit streams its
output to a single row of N :M PEs.

B. Designing the Processing Elements of KAN-SAs

A conventional systolic array uses a scalar PE to perform a
multiply-accumulate. To exploit the intrinsic B-spline sparsity,
we design an N : M sparsity-aware vector PE that performs
a multiply-accumulate between the N non-zero B-spline values
and their corresponding coefficients among the M coefficients.
As shown in Fig. 6, each B-spline unit sends the P + 1 non-
zero activations to its corresponding row in the array, along
with indices as control signals for the multiplexer selecting the
N = P + 1 coefficients among M = G + P . While the N
multiplications occur in parallel, the additional M -to-N multi-
plexer and multi-operand adder increase the critical path delay.
Similar to the activations, the indices k are propagated and reused
horizontally along the array.

V. EVALUATION

In this section, we evaluate the proposed KAN-SAs architec-
ture against the conventional SA setup. In the conventional SA,
we assume B-spline units feeding a systolic array with scalar
PEs, not able to handle the intrinsic N :M B-spline sparsity. We
synthesized the conventional SA solution and the proposed one
with Synopsys Design Compiler v2025.6, targeting the ST 28nm
FD-SOI PDK [23]. Our integer-only hardware implementation
follows the approach of [18] and was validated against an inte-
ger software baseline. The hardware implementation is bitwise-
accurate to this baseline, which incurs a ∼ 1% accuracy drop
relative to 32-bit floating point for KAN models due to the integer
quantization.

A. PE Comparison

In this section, we compare the hardware synthesis results for
the scalar conventional PE and the N :M PE, as shown in Table I.
Post-synthesis power estimation was performed using activity-
based analysis at a frequency of 500MHz. We first examine the
delay for different sparsity parameters N and M . As discussed
in Section IV-B, the delay of the critical path increases due to
both the M -to-N multiplexer and the N + 1-operands adder.
For example, increasing N from 2:6 to 4:6 in Table I results
in increased delay due to the adder, as multiplexing occurs in
parallel. Similarly, increasing M affects the multiplexer delay
but not the adder. As shown in the table, the additional logic
also increases the power of N :M PEs compared to 1:1 PEs.
Switching activity was extracted from simulation traces for a

TABLE I: ST28nm FD-SOI post-synthesis delay and power
for 8-bit inputs and 32-bit output PE at a target frequency of
500 MHz and estimated normalized energy. Columns refer to
the sparsity pattern N :M ; 1:1 represents the scalar PE.

N:M 1:1 1:2 2:4 2:6 4:6 4:8
Delay (ns) 1.02 1.05 1.15 1.19 1.28 1.31

Power (mW) 0.35 0.40 0.62 0.77 0.98 1.12
Normalized
Energy 1.00 0.57 0.44 0.37 0.47 0.40

typical KAN workload, where coefficients are loaded into the
PE and reused for several cycles with different activations. The
normalized energy in the table highlights the advantage of the
N :M PE. It is estimated by multiplying the reported power by
the number of cycles needed for a KAN workload to run on a
scalar PE. With N = P + 1, M = G + P , the 1:1 PE requires
(G + P )× more cycles than a PE handling N :M sparsity. For
example, for P = G = 3 (sparsity 4:6), the 1:1 PE requires 6×
more cycles than the 4:6 PE.

B. B-spline Acceleration Comparison with Previous Work
As already mentioned, ArKANe [13] proposes an acceler-

ation of the recursive implementation of B-splines. A direct
comparison is not straightforward, as ArKANe B-spline imple-
mentation evaluates the B-splines using floating-point arithmetic
across multiple cycles for the objective of KAN training accel-
eration. Moreover, the reported results correspond to a mapping
on Xilinx FPGA over multiple AIE tiles. However, to propose
a fair comparison, we estimate the possible area consumption
for ArKANe proposal and compare it to KAN-SAs B-spline
unit. ArKANe wavefront algorithm requires P + 1 processing
elements and has a latency of (P + 1) × PElatency cycles to
evaluate a specific B-spline Bi,P . Then, thanks to pipelining, it
requires G + P − 1 cycles for all G + P activations. Hence,
we can compute the ArKANe number of cycles for M inputs
as (P + 1)PElatency + G + P − 1 + M . We consider an
existing single-precision FMA implementation, FPMax [24], as
a reference for the ArKANe FP32 multiply-accumulate (FMA)
operation in each PE. In FPMax, a single-precision FMA circuit
has PElatency = 4 and is estimated to occupy approximately
0.0081mm2 of standard cell area. By contrast, our tabulation-
based B-spline unit occupies 450µm2, and requires at most a
single cycle to retrieve the values of all G + P B-splines for a
certain input. Therefore, in the same estimated area for ArKANe,
i.e., 4 × 0.0081mm2 we can fit 72 B-spline units to feed 72
rows of the systolic array. Tabulating the B-splines can offer a
minimum of 72× speedup for high values of M over the recursive
floating-point implementation.

C. KAN Applications Benchmark
We perform a design space exploration of different configura-

tions of the proposed architecture on a representative set of KAN
applications collected from prior work and reported in Table II.
Each of the applications contributes a certain number of KAN
workloads, i.e., matrix multiplications where the left matrix is
B-spline activations B mentioned in Section II-A and the right
matrix is the coefficients. For instance, the application Catch22-
KAN relies on a single KAN layer [22, X] where X is the



TABLE II: Collected KAN workloads from prior work. X in
CF-KAN takes values from [2810, 34395, 6969]. In Catch22-
KAN, X is the number of classes in UCR time series dataset,
and we consider it smaller than 60 in our experiments.

Application Layers G P

5G-STARDUST [2] [168, 40, 40, 40, 24] 5 3
Catch22-KAN [26] [22, X] 3 3

CF-KAN [3] [X, 512, X] 2 3
U-KAN [4] [512, 1024, 512], [512, 512] 5 3
GKAN [15] [200, 16, 7], [100, 20, 7] 2,3 1,2,3

Prefetcher [27] [5, 64, 128] 4 3
MNIST-KAN [28] [784, 64, 10] 10 3
ResKAN18 [29] 20 ConvKAN layers 3 3

number of classes for one of the UCR datasets [25]. This layer
implies a matrix B of dimensions (BS, 22 × (G + P )). Some
of these workloads also include the MLP bias term mentioned in
Section II-A, which is included in the evaluation. Some studies
explore different values of G and P . However, we limit our
evaluation to workloads with P ≤ 3. The applications MNIST-
KAN and ResKAN18 are models we implemented and trained on
MNIST [30] and CIFAR10 [31], respectively. MNIST-KAN is a
two-layer KAN [784, 64, 10], and the ResKAN18 is a ResNet18
architecture, where the scalar filter weights in convolutions are
replaced by learnable splines (referred to as ConvKAN or KAN-
Conv in prior works [16], [32]). The average results reported
in Figs. 7a and 7b consider different dimensions R rows and
C columns for the array. In the graphs, for reference, we mark
some points that correspond to square SAs (e.g., 2x2, 4x4, etc.).
The other parameters are fixed as int8 multiplication and int32
accumulation, G = 5 and P = 3. Hence, results are averaged
over all collected workloads except MNIST-KAN, as it requires
G = 10. Since the main objective of the study is to evaluate
the proposed improvements, we focus solely on B-spline sparsity
without considering other dynamic sources of sparsity, such as
zero coefficients (i.e., weights) or activations. The workloads are
tiled for running on the weight-stationary SA.

In Fig. 7a, we plot, for both conventional SA and KAN-SAs,
the average PE utilization across all applications vs. the area
obtained post-synthesis, for various sizes of the SA (R × C).
The figure shows that the proposed solution improves the average
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Fig. 7: Average PE utilization (a) and runtime in clock cycles
(b) across all applications vs. the area obtained post-synthesis
for both conventional SA and KAN-SAs, for various sizes of
the SA (R× C).
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PE utilization of the SA for various design parameters. Although
KAN-SAs consistently provide PE utilization > 65%, there is
still some effect preventing 100%. PE utilization is affected by
two main factors: (1) sparsity from the B-splines, addressed by
KAN-SAs, and (2) imperfect tiling, which occurs when workload
dimensions are not multiples of the SA’s dimensions. Indeed, in
Fig. 8, we show per-application average PE utilization for con-
figurations with similar areas: 0.47mm2 for KAN-SAs 16 × 16
and 0.50mm2 for the 32 × 32 scalar PE SA. Since KANs are
still in their early stages, most applications have small dimen-
sions. This leads to a noticeable imperfect tiling effect in these
applications. Additionally, G values affect utilization: (i) higher
G values increase the number of parameters, reducing the impact
of imperfect tiling, and (ii) they also increase sparsity, reducing
utilization in conventional SA. For example, MNIST-KAN with
G = 10 shows low utilization (30%) on SA but high utilization
(99.25%) on KAN-SAs. Larger applications like ResKAN18,
CF-KAN, U-KAN, and Prefetcher (see Table II) suffer less from
imperfect tiling, even at low G values, which also boosts PE
utilization in conventional SA. On average, KAN-SAs improve
utilization by 39.9%, with a maximum of 69.3% for MNIST-
KAN.

Finally, Fig. 7b shows that, for both conventional SA and
KAN-SAs, the average runtime (in clock cycles) across all appli-
cations decreases with area. KAN-SAs consistently reduce run-
time by 2× at a constant area, or area by 2× at a constant runtime.
This improvement is due to KAN-SAs loading (R × M,C)
tiles of B-spline activations or (R × N,C) tiles of non-KAN
workloads, leading to faster execution.

VI. CONCLUSION

In this paper, we presented KAN-SAs, the first systolic-array-
based efficient hardware accelerator for KANs. KAN-SAs effi-
ciency is enabled by a thorough analysis of the inefficiencies that
the B-spline functions inherently introduce, i.e., recursive nature
and sparsity. KAN-SAs addresses them through an enhanced
Processing Element including a non-recursive B-spline unit and
efficient handling of B-spline sparsity. Results show that, com-
pared to conventional SAs, KAN-SAs achieves 39.9% average
PE utilization improvement, 50% average clock cycle reduction,
and 72× speedup in B-spline evaluation compared to the state-
of-the-art approach.
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