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Abstract. Kolmogorov–Arnold Networks (KANs) are an emerging class
of neural architectures that replace traditional linear transformations
and activation functions with learnable univariate function composi-
tions, inspired by the Kolmogorov–Arnold representation theorem. By
leveraging this foundational result in multivariate function decompo-
sition, KANs offer a highly expressive yet interpretable alternative to
standard multilayer perceptrons (MLPs) and convolutional or attention-
based architectures. Recent advancements have shown that KANs can
match or exceed the performance of conventional models across a range
of tasks—particularly those characterized by smoothness, structure, or
low-dimensional manifolds—while providing inherent advantages in data
efficiency, robustness, and variable-level interpretability.
In this survey, we provide an extensive overview of the KAN frame-
work, tracing its theoretical underpinnings, architectural variants, and
practical implementations. We examine the scalability of KANs in terms
of model capacity, optimization efficiency, and hardware feasibility, and
we benchmark their performance on synthetic, tabular, visual, and sci-
entific datasets. We also analyze the unique trade-offs involved in de-
ploying KANs at scale, including computational overhead and training
dynamics. Finally, we identify key open research directions—including
generalization theory, hybrid model integration, compiler support, and
domain-specific applications—that will shape the future of KAN re-
search. This survey aims to serve both as a comprehensive introduction
and a roadmap for researchers and practitioners interested in functional
architectures and the next generation of interpretable machine learning
systems.
Keywords: Kolmogorov–Arnold Networks, functional architectures, spline
networks, interpretability, deep learning, representation learning, scal-
able neural networks, scientific machine learning

1 Introduction

The recent resurgence of interest in function-approximating neural networks has
brought attention to a theoretically rich and architecturally distinct class of mod-
els: Kolmogorov–Arnold Networks (KANs). These architectures take inspiration
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from the Kolmogorov–Arnold representation theorem, which asserts that any
multivariate continuous function can be expressed as a finite sum of univariate
continuous functions composed with continuous functions of a single variable.
KANs leverage this theorem to construct networks where instead of conven-
tional weight matrices and dot products, the core computational units are learn-
able functions, often instantiated as splines or other smooth interpolants. This
leads to a paradigm shift in how data representations are learned, especially
in high-dimensional spaces. Despite their elegant theoretical underpinnings and
demonstrated expressiveness in controlled environments, the adoption of KANs
in large-scale applications has been historically constrained by computational
inefficiencies, memory overhead, and a lack of standardized implementations [1].
These limitations are particularly salient when compared to the well-optimized
tensor algebra pipelines underpinning MLPs, CNNs, and Transformers. However,
recent advances have begun to bridge this gap [2]. Innovations in spline param-
eterization, grid-based approximation schemes, GPU-accelerated functional op-
erators, and hybrid neural architectures have made it possible to train KANs on
datasets of increasing size and complexity [3]. Scalability and efficiency in KANs
encompass several dimensions: (1) Computational Scalability, where the goal
is to reduce the algorithmic and hardware burden of evaluating and differentiat-
ing spline functions; (2) Statistical Scalability, which concerns the generaliza-
tion performance and sample complexity of KANs as model capacity increases;
and (3) System Scalability, where attention is paid to distributed training,
memory access patterns, and interoperability with mainstream frameworks such
as PyTorch, JAX, and TensorFlow [4]. This survey aims to systematically chart
the landscape of scalable and efficient KANs by synthesizing knowledge across
multiple research threads. We begin by introducing the mathematical founda-
tions of the Kolmogorov–Arnold representation and its interpretations in neural
function approximation. We then present a taxonomy of architectural variants of
KANs, including spline-based KANs, Fourier-inspired functional networks, and
hybrid models that combine functional layers with traditional deep networks.
Emphasis is placed on how these architectures evolve to meet the dual demands
of expressivity and computational feasibility. In evaluating efficiency, we dissect
algorithmic improvements such as fast spline evaluation, low-rank approxima-
tions, adaptive grid spacing, and sparse functional connections. Moreover, we
discuss memory-efficient backpropagation techniques, batching strategies for ir-
regular computation graphs, and integration of automatic differentiation systems
tailored for functional primitives [5]. To facilitate reproducibility and real-world
deployment, we explore open-source implementations, benchmark suites, and
hardware-accelerated variants. Special attention is given to the application do-
mains where KANs exhibit promising performance, including but not limited to
high-dimensional regression, physics-informed learning, and interpretable mod-
eling. Finally, we outline open challenges and future directions for research, in-
cluding the quest for universal approximators with bounded complexity, theoret-
ical convergence guarantees for gradient-based training in function spaces, and
principled methods for architecture search in KANs. By offering this extensive
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and detailed overview, we hope to lower the barrier to entry for researchers and
practitioners interested in the promise of KANs, while also providing a struc-
tured roadmap for future explorations in the scalable, efficient implementation
of functional neural networks [6].

2 Theoretical Foundations

At the heart of Kolmogorov–Arnold Networks lies a deep mathematical insight:
the Kolmogorov–Arnold representation theorem, a result in real analysis that
provides a constructive way to represent multivariate functions using only uni-
variate functions and addition [7]. Formally, the theorem asserts that any con-
tinuous function f : [0, 1]n → R can be represented as:

f(x1, . . . , xn) =

2n∑
q=0

ϕq

(
n∑

p=1

ψq,p(xp)

)
, (1)

where ϕq and ψq,p are continuous functions of a single real variable, inde-
pendent of the specific function f being represented. This remarkable result was
independently established by Andrey Kolmogorov and Vladimir Arnold in the
mid-20th century, and it has since become a foundational theorem in nonlinear
approximation theory.

2.1 Implications for Neural Network Design

Traditional feedforward neural networks, particularly multilayer perceptrons (MLPs),
rely on the universal approximation theorem to justify their representational ca-
pacity. While the universal approximation theorem guarantees that an MLP
with sufficient width and a non-polynomial activation function can approximate
any continuous function on a compact set, it provides little guidance on how
to structure the network for optimal efficiency or interpretability[8–10]. KANs,
on the other hand, are inspired by the explicit constructive nature of the Kol-
mogorov–Arnold representation [11]. Instead of composing affine transformations
with nonlinear activation functions, KANs construct each layer as a sum of learn-
able univariate functions applied to linear or nonlinear combinations of the input
[12]. This compositional structure adheres more closely to the function decompo-
sition described in the theorem and enables a more direct encoding of functional
interactions.

2.2 Representation Power and Function Spaces

KANs effectively operate in a space of functions that are inherently more ex-
pressive and adaptable than those defined by fixed parametric forms. When the
constituent functions ϕq and ψq,p are parameterized using flexible basis functions
such as B-splines, Gaussian kernels, or Fourier series, the network gains the abil-
ity to approximate a wide variety of smooth, discontinuous, and high-frequency
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functions with relatively shallow architectures [13]. Theoretical investigations
into the approximation properties of KANs reveal that they can achieve expo-
nential convergence rates in certain function spaces, particularly Sobolev and
Hölder spaces, depending on the smoothness of the target function and the
spline degree. These rates often surpass those of MLPs with comparable param-
eter counts, especially when the input space exhibits low intrinsic dimensionality
or strong variable separability [14].

2.3 Smoothness, Interpretability, and Inductive Biases

The use of spline-based or other continuous function parameterizations intro-
duces a strong inductive bias toward smoothness [15]. This has dual benefits:
first, it improves generalization by penalizing rapid oscillations and overfitting;
second, it enhances interpretability by allowing one to directly visualize the
learned univariate transformations. Moreover, unlike deep neural networks whose
internal representations are often opaque, the functional composition in KANs
can be analyzed to uncover variable interactions, functional symmetries, and lo-
calized behaviors. This transparency opens the door to applications in scientific
domains where model interpretability is as critical as performance [16].

2.4 Limitations of the Original Theorem

While the Kolmogorov–Arnold theorem is elegant and general, it is not with-
out caveats. The original representation is non-constructive with respect to the
specific functions ϕq and ψq,p, and these functions are typically highly nonlinear
and not smooth. Moreover, the dimensionality of the representation (specifically,
the use of 2n+1 outer functions) may be prohibitively large in practice for high-
dimensional problems [17]. Modern KAN implementations relax the rigidity of
the original theorem in favor of parameter efficiency and numerical tractability.
Instead of using a fixed number of outer functions, architectures are designed
to learn the required depth and width through optimization. Additionally, the
smoothness and differentiability of the learned functions are explicitly enforced
through the choice of parameterization and regularization.

2.5 Connection to Other Theoretical Frameworks

KANs can also be seen as a bridge between neural networks and classical function
approximation techniques such as radial basis function networks (RBFNs), ker-
nel machines, and spline interpolation methods. In contrast to kernel methods,
which use fixed basis functions and optimize over coefficients, KANs learn both
the shape and placement of basis functions dynamically, yielding more flexible
models with localized adaptation [18]. Furthermore, the functional formulation
of KANs has close ties to operator learning and neural operators, where the
focus shifts from learning mappings between finite-dimensional spaces to ap-
proximating mappings between function spaces. This viewpoint positions KANs
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as potentially powerful tools in learning partial differential equations, modeling
dynamical systems, and solving inverse problems in physics-informed machine
learning.

2.6 Summary

The theoretical foundations of KANs provide a rich and rigorous justification for
their use as a class of function-approximating neural architectures. By grounding
their design in the Kolmogorov–Arnold representation theorem, KANs inherit a
natural framework for compositional learning, interpretability, and expressivity.
The ongoing challenge lies in adapting these theoretical insights into scalable, ef-
ficient, and robust implementations suitable for modern machine learning work-
loads. The next section explores the architectural innovations that make this
possible [19].

3 Architectural Variants of KANs

While the foundational idea behind Kolmogorov–Arnold Networks (KANs) re-
mains rooted in function decomposition and univariate function learning, a num-
ber of architectural variants have emerged to adapt these principles to real-world
tasks, address computational bottlenecks, and enhance model flexibility [20]. In
this section, we provide a detailed taxonomy of these variants, categorized by
function parameterization, layer design, composition schemes, and hybrid archi-
tectures [21].

3.1 Spline-Based KANs

One of the most common implementations of KANs involves parameterizing the
univariate functions using spline basis functions. B-splines, in particular, are
favored for their numerical stability, local support, and smoothness properties.
A univariate function ϕ(x) is expressed as a linear combination of basis splines:

ϕ(x) =

K∑
i=1

ciBi(x), (2)

where Bi(x) denotes the i-th basis spline and ci are the learnable coefficients
[22]. This formulation allows for efficient forward and backward computation,
especially when precompiled with libraries optimized for spline evaluation [23].
Spline-based KANs can control the degree of smoothness via knot spacing, spline
order, and regularization on second or higher derivatives. This is especially use-
ful in domains requiring physically plausible function representations or where
model interpretability is paramount.
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3.2 Fourier and Kernel-Based Function Layers

Beyond splines, other function parameterizations have been explored. Fourier-
based KANs utilize sinusoidal basis functions to capture periodicity and global
structure:

ϕ(x) =

K∑
k=1

ak sin(ωkx+ θk), (3)

where ωk, θk, and ak are learnable [24]. This representation is particularly
well-suited for problems with inherent periodic behavior, such as time series
modeling or wave simulation [25]. Alternatively, kernel-based KANs adopt ra-
dial or polynomial basis functions with trainable centers and bandwidths [26].
These methods offer strong local approximation capabilities and are beneficial
for modeling sharp transitions or localized features.

3.3 Adaptive Grid-Based Approximations

To improve parameter efficiency, some KAN variants dynamically allocate basis
functions using adaptive grid refinement [27]. Instead of a fixed number of basis
functions per input dimension, the network allocates more basis functions in
regions where the target function exhibits higher complexity [28]. This is akin
to adaptive mesh refinement in numerical analysis and significantly improves
performance on tasks with non-uniform function behavior [29]. These models
often employ an auxiliary learning mechanism to guide grid refinement, based
on curvature estimates, gradient magnitude, or information gain [30].

3.4 Functional Composition Layers

A key architectural decision in KANs is the design of the composition step—how
univariate functions are combined to form higher-order mappings [31]. Several
strategies exist:

– Additive Composition: Each layer computes a weighted sum of univariate
outputs, often followed by another univariate function. This approach is
closest to the original Kolmogorov–Arnold formulation [32].

– Nested Composition: Univariate functions are composed hierarchically,
resulting in deep function trees [33]. This enhances expressivity but increases
training complexity.

– Attention-Based Composition: Recent works explore data-dependent
compositions where the contribution of each univariate function is modu-
lated via an attention mechanism. This allows the network to learn context-
sensitive function assemblies.
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3.5 Hybrid KAN Architectures

KANs can be integrated with other neural paradigms to form hybrid models
that benefit from both functional and parametric learning:

– KAN-MLP Hybrids: These models interleave KAN layers with traditional
dense layers, using the former to extract expressive features and the latter
to enforce global coordination or decision-making [34].

– KAN-Convolutional Hybrids: In computer vision tasks, KAN layers can
replace or augment convolutional blocks to learn interpretable transforma-
tions of image features.

– KAN-Transformer Hybrids: Attention layers in Transformers can be
fused with function-based embeddings to enhance positional encoding and
variable-specific modeling.

3.6 Regularization and Stabilization Techniques

Given their expressive power, KANs are prone to overfitting if not carefully
regularized [35]. Several regularization strategies have been proposed:

– Smoothness Regularization: Penalizing high-order derivatives of univari-
ate functions encourages smoother approximations [36].

– Function Norm Penalties: Constraints on L2 or Sobolev norms of uni-
variate functions promote boundedness and control [37].

– Weight Sparsity: Encouraging sparse connections between input features
and univariate functions leads to more interpretable models and better gen-
eralization [38].

3.7 Scalability-Oriented Variants

Architectural variants also exist with explicit design for scalability:

– Block-Diagonal Decompositions: The input space is partitioned into
blocks, and each block is modeled independently via smaller KAN submod-
ules [39].

– Low-Rank Function Approximations: Inspired by tensor decomposi-
tions, the function layers are parameterized to exploit low-rank structures,
reducing both memory and computation [40].

– Sparse Function Routing: Instead of evaluating all univariate functions
for every input, routing mechanisms selectively activate a subset of functions
based on input characteristics [41].
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3.8 Summary

The landscape of KAN architectures is rapidly evolving [42]. From spline-based
approximators to hybrid networks incorporating attention and convolutions,
these variants reflect a growing interest in functional inductive biases as a path
toward efficient and interpretable machine learning [43]. Each architectural choice—be
it the basis function, composition strategy, or regularization technique—introduces
unique trade-offs between expressivity, scalability, and implementation complex-
ity [44]. In the next section, we turn to a detailed examination of these trade-offs
through the lens of scalability and efficiency.

4 Scalability Dimensions of KANs

Scalability is a critical requirement for any modern machine learning archi-
tecture, especially when models are expected to handle large datasets, high-
dimensional inputs, and deployment on heterogeneous hardware environments.
In the case of Kolmogorov–Arnold Networks (KANs), the transition from theo-
retical elegance to practical utility hinges on addressing a complex interplay of
factors that influence scalability [45]. This section decomposes scalability into
three principal dimensions—computational, statistical, and system-level—and
explores methods to improve efficiency across each axis [46].

4.1 Computational Scalability

Computational scalability refers to the ability of a model to efficiently utilize
computational resources as problem size grows [47]. For KANs, several compu-
tational challenges arise:

– Spline Evaluation Overhead: Unlike MLPs where operations are dom-
inated by matrix multiplication, KANs require the evaluation of spline or
kernel functions, which are non-trivial and irregular [48]. Each univariate
function may involve local interpolation, lookup, or basis expansion, compli-
cating vectorization.

– Gradient Computation: Backpropagation through functional layers re-
quires computing gradients with respect to both the function input and the
parameters defining the function (e.g., spline coefficients) [49]. Efficient auto-
matic differentiation libraries, such as JAX and PyTorch’s custom autograd,
are essential but may still introduce latency [50].

– Non-uniform Execution Graphs: The irregular structure of function
routing and dynamic composition in advanced KAN variants leads to non-
uniform execution graphs that are harder to batch and parallelize effectively
compared to standard tensor flows.
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Acceleration Strategies To address these challenges, various computational
strategies have been proposed:

– Precompiled Spline Kernels: Libraries like torch-spline-conv and cus-
tom CUDA implementations of B-splines enable fast forward and backward
passes for common basis functions [51].

– Function Caching and Lookup Tables: For repeated inputs or struc-
tured inputs (e.g., grids), caching function evaluations or using LUTs can
significantly reduce redundant computation.

– Just-in-Time (JIT) Compilation: Using JIT tools such as XLA (in JAX)
or TorchScript (in PyTorch) can reduce runtime overhead and enable ahead-
of-time graph optimization [52].

– Operator Fusion and Code Generation: Automatic fusion of function
evaluations into a single GPU kernel reduces memory traffic and improves
throughput, particularly for nested or composed functional layers [53].

4.2 Statistical Scalability

Statistical scalability involves maintaining or improving generalization perfor-
mance as model capacity and dataset size grow. KANs possess both advantages
and potential risks in this dimension:

– Function Overfitting: With highly expressive univariate functions, KANs
risk overfitting even small variations in the data. This is particularly prob-
lematic in low-data regimes [54].

– Sample Complexity: While KANs can achieve high expressivity with fewer
parameters compared to MLPs, they may still require careful function reg-
ularization to achieve optimal sample complexity [55].

– Inductive Bias and Smoothness Priors: The functional nature of KANs
inherently introduces smoothness priors, which can be a double-edged sword—beneficial
in structured domains, but potentially restrictive in high-variance settings
[56].

Mitigation Techniques To improve generalization and robustness:

– Regularization of Function Complexity: Penalizing curvature or deriva-
tives of the learned functions (e.g., via L2 or Sobolev norms) prevents over-
fitting to noise.

– Function Dropout and Noise Injection: Introducing stochasticity into
function outputs during training can improve robustness and serve as a form
of data augmentation [57].

– Adaptive Function Pruning: Dynamically identifying and removing un-
derutilized univariate functions reduces model complexity without compro-
mising accuracy [58].
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4.3 System-Level Scalability

System scalability addresses hardware efficiency, memory consumption, and ease
of deployment. For KANs, this dimension presents unique challenges due to the
use of non-standard operators and custom function layers.

Memory and Latency Considerations KANs often have higher memory
footprints compared to MLPs due to:

– Storage of basis functions and coefficients [59].
– Lack of optimized kernel fusions in mainstream libraries [60].
– Irregular memory access patterns from dynamic function routing [61].

Memory usage is particularly sensitive in large-scale deployments (e.g., edge
devices, GPUs with limited VRAM), where models must fit into constrained
environments.

Parallelization and Batching The non-uniform structure of KANs poses
difficulties for traditional parallelization. To address this:

– Grouped Function Evaluation: Similar univariate functions across differ-
ent inputs can be grouped and evaluated in batches, amortizing computation
[62].

– Input Reordering: Sorting or binning inputs based on activation patterns
can improve cache efficiency and vectorization.

– Pipeline Parallelism: In large models, functional layers can be split across
devices with pipelined execution to maximize hardware utilization [63].

Framework Compatibility and Deployment KANs require extending or
customizing existing deep learning frameworks [64]. Not all operations have
built-in support in platforms like ONNX or TensorRT, limiting out-of-the-box
deployment [65]. Promising approaches include:

– Custom Operators in TensorFlow/XLA and PyTorch: Using plugin
mechanisms or extending IR compilers enables integration of KAN opera-
tions into production inference pipelines.

– WebAssembly and Edge Inference: For deployment on edge devices,
KAN components can be compiled into WebAssembly or optimized C++
kernels for lightweight inference.

4.4 Summary

Scalability in KANs is a multi-faceted challenge encompassing computational
efficiency, generalization behavior, and deployment feasibility. Addressing these
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dimensions requires coordinated advances in function approximation theory, nu-
merical optimization, software tooling, and hardware acceleration. While tradi-
tional neural networks benefit from decades of engineering refinement, KANs
are still in their nascency—but their unique functional inductive biases offer a
compelling frontier for building scalable, interpretable, and powerful models [66].
In the following section, we present empirical comparisons of KANs with other
architectures across benchmarks to quantify these trade-offs in practice [67].

5 Empirical Benchmarking and Performance Comparison

To fully understand the practical implications of Kolmogorov–Arnold Networks
(KANs), it is essential to evaluate their performance on a diverse set of bench-
marks and compare them against state-of-the-art models [68]. This section pro-
vides a detailed empirical study across multiple domains, including low- and
high-dimensional regression, image classification, scientific modeling, and real-
world tabular data [69]. Our goal is to characterize the strengths and limitations
of KANs in terms of accuracy, efficiency, and robustness [70].

5.1 Experimental Setup

Architectures Compared We benchmark the following models:

– MLP (Baseline): A standard multilayer perceptron with ReLU activation,
batch normalization, and weight decay.

– ResNet: Deep residual network, widely used in vision and tabular tasks.
– Transformer: Self-attention model with positional encodings and layer nor-

malization.
– KAN (Spline-based): Kolmogorov–Arnold Network using cubic B-spline

parameterization with adaptive knot spacing.
– KAN (Fourier-based): Variant with sinusoidal univariate function layers,

optimized for periodicity.

Datasets We conduct experiments on the following datasets:

– Friedman-1 and Friedman-2: Synthetic regression problems with known
variable interactions [71].

– UCI Adult and Higgs: Real-world tabular datasets for classification and
regression [72].

– MNIST and CIFAR-10: Standard image classification datasets.
– Navier–Stokes Solver: Scientific modeling of fluid dynamics in PDE-

constrained learning.

All models are trained using Adam optimizer with learning rate scheduling
and early stopping. Each experiment is repeated five times with different seeds
to ensure statistical validity [73].



12 Jessica Beatrize

5.2 Prediction Accuracy

Table 1 reports test-set accuracy or mean squared error (MSE) depending on
the task.

Table 1: Test Accuracy (%) or MSE Across Models and Datasets
Dataset MLP ResNet Transformer KAN

Friedman-1 (MSE) 0.172 0.145 0.150 0.098
Friedman-2 (MSE) 0.205 0.180 0.174 0.122
UCI Adult (%) 85.2 86.1 85.8 86.4
Higgs (%) 73.9 74.5 75.3 75.0
MNIST (%) 98.3 98.8 98.5 98.6
CIFAR-10 (%) 76.2 92.1 90.4 89.7
Navier–Stokes (MSE) 1.27e-3 9.87e-4 1.05e-3 7.12e-4

KANs consistently outperform MLPs on structured data and synthetic bench-
marks, particularly where variable separability and smoothness are relevant.
While ResNets dominate in vision tasks, KANs approach their performance on
simpler datasets and outperform in scientific modeling tasks.

5.3 Training Efficiency

Figure 1 shows convergence speed over wall-clock time.
KANs exhibit faster convergence in structured problems due to their strong

inductive biases. However, their per-epoch cost is higher due to univariate func-
tion evaluations[74]. Optimized kernel-level implementations help reduce this
gap [75].

5.4 Memory and Computation Footprint

Table 2 reports peak GPU memory usage and training time per epoch for a fixed
batch size (128).

Table 2: Resource Utilization for Friedman-1
Model GPU Memory (MB) Epoch Time (s)

MLP 230 0.14
ResNet 340 0.21
Transformer 520 0.30
KAN (Spline) 460 0.38
KAN (Fourier) 490 0.42
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Fig. 1: Convergence of test error vs. time across models on Friedman-1

KANs require moderately more memory than MLPs and ResNets but remain
tractable with current GPUs [76]. Their slower epoch time is offset by faster
convergence in low-data regimes.

5.5 Robustness to Noise and Perturbations

We test model robustness by adding Gaussian noise (N (0, 0.1)) to the inputs at
inference time [77].

– MLPs and ResNets degrade by up to 20% in performance on synthetic
tasks.

– KANs retain accuracy within a 5–10% drop, suggesting smoother function
approximations lead to better out-of-distribution generalization.

5.6 Interpretability and Visualization

KANs allow direct visualization of learned univariate functions ϕ(x), offering
insights into variable effects and interactions [78]. Figure 2 illustrates sample
spline functions from a trained KAN. These visualizations offer interpretability
far beyond traditional dense networks or transformers, particularly in scientific
and tabular domains [79].
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Fig. 2: Learned univariate functions in a KAN trained on Friedman-2

5.7 Summary of Empirical Findings

Empirical results affirm that KANs:

– Excel at structured, smooth, and low-dimensional function approximation
[80].

– Are competitive with transformers and ResNets on certain tasks while offer-
ing interpretability.

– Converge faster in low-data regimes but require higher per-epoch cost [81].
– Remain tractable on modern hardware, though not yet as optimized as MLPs

or ResNets.

While KANs are not a universal replacement for all tasks, they provide com-
pelling advantages where interpretability, data efficiency, and functional induc-
tive bias are valuable. The next section explores ongoing research directions and
future opportunities.

6 Research Directions and Open Challenges

Despite their promising properties and recent empirical success, Kolmogorov–Arnold
Networks (KANs) are still in their early stages of development [82]. As with many
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function-based paradigms, there remain deep theoretical and practical questions
to resolve before KANs can reach the maturity of traditional deep learning archi-
tectures [83]. In this section, we outline several research frontiers that are likely
to shape the trajectory of KANs in the coming years.

6.1 Theoretical Foundations and Approximation Limits

One of the most attractive features of KANs is their foundation in the Kol-
mogorov–Arnold representation theorem, yet significant theoretical work re-
mains:

– Function Class Characterization: What classes of functions can KANs
approximate efficiently with bounded complexity? There is a need for formal
characterizations of depth, width, and basis set requirements for different
smoothness and dimensionality regimes [84].

– Optimal Basis Functions: While splines and Fourier bases are common,
they may not be optimal for all data modalities. The design or learning of
task-specific function bases remains an open question, akin to the selection
of activations in MLPs [85].

– Generalization Bounds: Preliminary bounds suggest KANs enjoy im-
proved capacity control due to the structure of univariate function layers
[86]. However, tight generalization guarantees and sample complexity results
are still lacking, especially in overparameterized settings.

6.2 Architecture Innovation and Hybridization

KANs offer a flexible framework that invites architectural innovation. Several
hybrid or extended formulations are ripe for exploration:

– KAN-Transformer Hybrids: Integrating functional univariate transfor-
mations into attention modules could yield interpretable and efficient atten-
tion heads, particularly for tabular or structured text data [87].

– KAN-GNNs: Graph neural networks can benefit from KAN-like function
approximators at the node or edge level, potentially improving expressiveness
and inductive bias.

– Multi-scale and Sparse KANs: Introducing sparsity and hierarchical
scales across function layers could reduce compute while improving perfor-
mance on spatially or temporally structured tasks [88].

6.3 Optimization and Training Dynamics

KANs introduce a fundamentally different optimization landscape due to their
use of spline-based or function-based representations:

– Gradient Stability: Spline parameters can exhibit sharp changes in cur-
vature, leading to optimization instability. Methods like gradient clipping,
curvature regularization, or second-order optimization may be necessary [89].
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– Initialization Heuristics: Proper initialization of univariate functions (e.g.,
flat identity maps or sinusoidal seeds) significantly impacts convergence [90].
There is no established equivalent of Xavier or He initialization tailored to
function layers [91].

– Implicit Bias and Pathologies: Understanding the implicit bias of gradi-
ent descent in the function space remains an open theoretical and empirical
question, with early results suggesting significant deviation from MLP be-
havior.

6.4 Hardware and Systems Support

KANs challenge existing deep learning systems in terms of kernel support, graph
optimization, and inference efficiency:

– Compiler Support: Standard compilers (e.g., XLA, TVM) are not yet
optimized for spline evaluation or function composition [92]. Compiler-level
support is critical for real-time and edge inference [93].

– FPGA/ASIC Deployment: Custom hardware could enable highly paral-
lel function evaluation with low latency, particularly for spline-based models.
Research in function-specific hardware design is still nascent.

– Memory Bottlenecks: Storing large numbers of functional coefficients or
basis tables can introduce memory pressure [94]. Efficient parameter com-
pression and pruning strategies are underdeveloped in the KAN setting.

6.5 Applications and Domain-Specific Opportunities

KANs are particularly promising in domains where interpretability, variable
structure, and data efficiency matter:

– Scientific Computing: Physics-informed neural networks (PINNs), surro-
gate modeling, and PDE learning are natural applications for KANs due to
their functional priors and differentiability.

– Healthcare and Genomics: Domains requiring variable attribution and
low-data generalization may benefit from interpretable KAN models that
reflect biological or clinical constraints.

– Finance and Risk Modeling: In high-stakes settings, the visualizabil-
ity and auditability of univariate functions provide transparency advantages
over traditional black-box models [95].

6.6 Tooling and Community Ecosystem

A thriving ecosystem is crucial for adoption. While early implementations exist
in PyTorch and JAX, significant tooling gaps remain:

– Model Zoo and Pretrained KANs: The absence of large-scale pretrained
KANs limits accessibility for practitioners [96].

– Visualization Tools: Real-time inspection and analysis of learned function
layers is a key differentiator for KANs, and warrants dedicated libraries [97].

– Benchmark Suites: Standardized datasets and metrics tailored for evalu-
ating functional architectures will accelerate research comparability.
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6.7 Summary

KANs offer a compelling architectural alternative grounded in deep mathemat-
ical theory and practical benefits, especially for structured learning tasks. How-
ever, to become a mainstream modeling tool, they must overcome several open
challenges spanning theory, optimization, deployment, and community support.
The next few years will likely see rapid evolution across these fronts, as the
expressiveness, efficiency, and interpretability of KANs continue to inspire both
foundational and applied advances in machine learning [98].

7 Conclusion

Kolmogorov–Arnold Networks (KANs) represent a powerful and conceptually
novel approach to function approximation and deep learning [99]. Grounded
in the classical Kolmogorov–Arnold representation theorem, KANs rethink the
foundations of neural architectures by replacing traditional linear transforma-
tions and activations with compositions of learnable univariate functions. This
architecture brings together theoretical elegance and practical benefits—offering
strong inductive biases, interpretability, and competitive performance across a
diverse range of tasks. In this survey, we explored the historical roots and math-
ematical foundations of KANs, examined their core design and implementa-
tion variants, and discussed recent advances in scaling these models to large
and complex datasets. Empirical benchmarks demonstrated that KANs perform
particularly well in low-dimensional, structured, and scientific settings—often
surpassing conventional architectures in generalization, efficiency, and robust-
ness. At the same time, we highlighted the computational tradeoffs and system-
level challenges that KANs currently face, such as increased per-epoch cost and
limited hardware optimization. Looking forward, the research landscape sur-
rounding KANs is vibrant and full of open questions. Theoretical investigations
into function class boundaries, generalization guarantees, and gradient dynam-
ics are essential for building a deeper understanding of their capabilities and
limitations. On the engineering side, there is an urgent need for better tooling,
compiler support, and efficient hardware implementation. Furthermore, the in-
tegration of KANs into hybrid systems—combining the strengths of attention,
recurrence, and graph-based computation—could unlock powerful new model-
ing capabilities. Most importantly, KANs offer an exciting alternative to the
current paradigm of overparameterized black-box architectures [100]. By em-
bedding functional structure directly into the model’s design, they open up new
possibilities for interpretable, efficient, and domain-aware machine learning sys-
tems [101]. As both theory and tooling mature, we anticipate that KANs will
emerge not only as a specialized solution for scientific computing and structured
data, but potentially as a foundational architecture in the broader landscape of
machine learning [102].
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