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Abstract: Gradient boosting remains a dominant approach for tabular data, but its widespread reliance on decision trees
limits interpretability and the smoothness of learned functions. We propose Gradient-Boosted Kolmogorov-
Arnold Networks (GB-KANs), a boosting framework that replaces trees with shallow Kolmogorov-Arnold
networks as base learners. By fitting KAN shape functions to pseudo-residuals in an additive, stagewise man-
ner, GB-KANs inherit the predictive strength of boosting while yielding per-feature functions that are easy to
inspect. Across real-world datasets, GB-KANs achieve accuracy competitive with established baselines and
produce shape functions that are faithful, sparse, and stable. They also yield well-calibrated probabilities with-
out post-hoc correction. These properties position GB-KANs as a promising approach when interpretability is
essential.

1 INTRODUCTION

Gradient boosting is a leading approach for tabular
learning, with strong results across domains (Chen
and Guestrin, 2016; Ke et al., 2017; Prokhorenkova
et al., 2018; McElfresh et al., 2023). In practice, mod-
ern libraries rely almost exclusively on decision trees
as base learners. While trees are flexible and robust
to heterogeneous features, their piecewise-constant
structure hampers interpretability and gradient-based
analysis and can behave unreliably outside the ob-
served domain (Cai et al., 2023).

In parallel, interpretable modeling has advanced
from classical generalized additive models (GAMs)
to modern neural shape-function architectures. Ex-
plainable Boosting Machines (EBMs) (Nori et al.,
2019) and Neural Additive Models (NAMs) (Agar-
wal et al., 2021) learn per-feature functional con-
tributions, offering transparent insights while main-
taining competitive accuracy. These methods show
that structured decompositions can be both accurate
and interpretable, but their additive structure limits
higher-order interaction modeling compared to tree
ensembles. Recently, Kolmogorov-Arnold Networks
(KANs) (Liu et al., 2024) have been proposed as a
flexible neural architecture that represents functions
as compositions of one-dimensional splines. Their
smooth structure and per-dimension functional de-
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composition make them appealing for interpretable
learning, but they have not yet been explored in a
boosting framework.

KANs offer several properties that make them
promising as base learners in a boosting setup.Their
spline-based parameterization induces smooth, low-
complexity shape functions that can be plotted as uni-
variate curves, offering direct and faithful visualiza-
tions of feature effects, in contrast to the discontinu-
ous, high-dimensional decision boundaries of tree en-
sembles. The localized basis functions used by KANs
can capture nonlinear effects while remaining sparse,
potentially improving sample efficiency. Moreover,
their differentiable structure permits gradient-based
regularization such as total variation or group spar-
sity, further encouraging structured representations.
These characteristics suggest that replacing trees with
KANs could combine the interpretability of shape-
based models with the predictive performance and ro-
bustness of gradient boosting.

This gap motivates our work. We pro-
pose Gradient-Boosted Kolmogorov-Arnold Networks
(GB-KANs), a new boosting framework that replaces
decision trees with shallow KANs as base learners.
This design combines the structured interpretability
of KANs with the proven optimization dynamics of
gradient boosting. We develop an efficient training
procedure based on functional gradients with total
variation and group sparsity regularization, enabling
GB-KANs to learn sparse and smooth functional rep-
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resentations. To our knowledge, GB-KAN is the first
boosting framework to combine competitive tabular
performance with smooth, low-complexity, human-
readable base learners.

Our main contributions are:
• A Novel Gradient Boosting Framework Using

KAN base learners. This combines the inter-
pretability of functional shape models with the
performance of stage-wise boosting.

• A Training Algorithm with Structural Regu-
larization. We integrate total variation and group
sparsity penalties to enforce smoothness and spar-
sity in the learned functions.

• An Empirical Evaluation across Real Datasets.
We show that GB-KANs achieve accuracy com-
petitive with strong baselines while offering inter-
pretable functional representations.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work on tree-based
boosting and interpretable neural models. Section
3 introduces the GB-KAN framework and its regu-
larized training procedure. Section 4 describes the
datasets, experimental setup, and empirical results on
accuracy, calibration, and interpretability. Section 5
concludes and outlines directions for future work.

2 RELATED WORK

To contextualize our contributions, we summarize ad-
vances in tree-based boosting, neural/differentiable
additive models, and KANs, and identify unresolved
limitations.

Tree-Based Gradient Boosting. Gradient boost-
ing is a widely used and highly effective method
for tabular data (Friedman, 2001). Modern imple-
mentations such as XGBOOST (Chen and Guestrin,
2016), LIGHTGBM (Ke et al., 2017), and CAT-
BOOST (Prokhorenkova et al., 2018; Dorogush et al.,
2018) refine the original framework with second-
order optimization, shrinkage, feature subsampling,
and extensive system-level engineering. These meth-
ods have become the de facto standard on many real-
world tasks. However, their reliance on decision trees
produces piecewise-constant predictions that are dif-
ficult to interpret and often unstable when extrapolat-
ing beyond the training domain. Post-hoc methods
like SHAP (Lundberg and Lee, 2017) provide coarse
summaries but do not fundamentally alter the tree en-
semble’s complexity.

Neural and Differentiable Boosting. Several re-
cent approaches attempt to combine boosting with
neural networks to improve smoothness and represen-
tation learning. DeepGBM (Ke et al., 2019) integrates
gradient-boosted trees with deep neural networks
via embedding layers, while NODE (Popov et al.,
2019) implements fully differentiable oblique deci-
sion trees optimized end-to-end by gradient descent.
TabNet (Arik and Pfister, 2021), DANet (Cheng et al.,
2022), and SAINT (Somepalli et al., 2021) introduce
attention-based architectures for tabular data that par-
tially mimic boosting-like feature selection dynam-
ics. (Mohr et al., 2023) propose Multiple Additive
Neural Networks (MANNs), which use additive neu-
ral components in continual learning settings for re-
gression and classification. Their architecture de-
composes functions additively over features, simi-
larly aiming for structure and additionally continuous
learning. These approaches often achieve strong ac-
curacy but remain black-box predictors, offering lim-
ited insight into feature effects.

(Hybrid) Interpretable Additive Models. A com-
plementary line of work has focused on inter-
pretable predictive modeling by constraining model
structure. Classical generalized additive mod-
els (GAMs) (Hastie and Tibshirani, 1986) decom-
pose predictions into per-feature contributions using
smooth basis functions. Explainable Boosting Ma-
chines (EBMs) (Nori et al., 2019) extend GAMs
with gradient boosting to learn flexible shape func-
tions and sparse pairwise interactions, while Neu-
ral Additive Models (NAMs) (Agarwal et al., 2021)
employ neural networks to learn smooth per-feature
functions end-to-end. These approaches show that
enforcing structured decompositions can yield mod-
els that are both accurate and interpretable, yet their
restricted additive structure can limit performance,
especially on tasks with complex higher-order fea-
ture interactions. Several works explore hybrids be-
tween neural architectures and additive or symbolic
structure. GA2Ms (Caruana et al., 2015) and Neural
GAMs (Yang et al., 2021) aim to combine the inter-
pretability of GAM-like decompositions with the flex-
ibility of neural networks. Symbolic regression en-
sembles (Kamienny et al., 2022) and sparse concept
models (Ross et al., 2022) attempt to learn human-
readable functions from data while preserving accu-
racy. While promising, these models often rely on
global optimization or discrete search and do not ben-
efit from the regularizing effect of stage-wise boost-
ing. They also rarely offer mechanisms to control ca-
pacity through shrinkage or to incorporate gradient-
based smoothness penalties.
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Kolmogorov-Arnold Networks. Kolmogorov-
Arnold Networks (Liu et al., 2024) are a recent neural
architecture inspired by the Kolmogorov-Arnold
representation theorem (Kolmogorov, 1957; Arnold,
1957). They represent functions as compositions
of one-dimensional spline-based transformations,
yielding interpretable and smooth shape functions.
Early work has shown their potential as interpretable
alternatives to multilayer perceptrons, but they have
not yet been explored in ensemble or boosting
frameworks (Barašin et al., 2024). Moreover, prior
studies have not examined how to regularize KANs
for sparsity or stability in high-dimensional settings
(Cruz et al., 2025).

Our work bridges these lines of research by com-
bining the structured interpretability of KANs with
the optimization dynamics of gradient boosting. To
our knowledge, GB-KANs are the first boosting
framework to employ KANs as base learners. This
design enables stage-wise additive optimization over
smooth, low-complexity functional components, of-
fering a new accuracy-interpretability trade-off not
explored in prior work.

3 METHODOLOGY:
GRADIENT-BOOSTED
KOLMOGOROV-ARNOLD
NETWORKS (GB - KAN)

Shallow Kolmogorov–Arnold Networks (KANs) are
integrated as weak learners in a standard func-
tional gradient-boosting loop. Boosting provides
robust stage-wise additive optimization on tabular
data; KANs contribute smooth, spline-based per-
feature shape functions that are directly inspectable.
Using shallow KANs preserves the weak-learner
regime, while optional total-variation and group-
sparsity penalties encourage smoothness and compact
feature use. This section first recalls the general for-
mulation of functional gradient boosting, then intro-
duces our KAN base learners, and finally describes
the regularized training procedure that yields stable
and interpretable models.

3.1 Gradient Boosting Framework

We formulate our approach within the functional gra-
dient boosting framework (Friedman, 2001). Given
training data {(xi,yi)}n

i=1 and a differentiable loss
ℓ(ŷ,y), boosting constructs an additive model

F(T )(x) =
T

∑
t=1

ν ft(x;θt) (1)

where ft are base learners with parameters θt , and ν∈
(0,1] is a learning rate. At each stage t, the model fits
a new base learner to the negative gradient, i.e. the
pseudo-residuals:

r(t)i =− ∂ℓ(ŷ,yi)

∂ŷ

∣∣∣∣
ŷ=F(t−1)(xi)

(2)

The new learner ft is trained to minimize the squared
error to these residuals, followed by a line search to
find the optimal step size:

γt = argmin
γ

n

∑
i=1

ℓ
(
F(t−1)(xi)+ γ ft(xi),yi

)
(3)

and the model is updated as

F(t)← F(t−1)+νγt ft .

3.2 Kolmogorov-Arnold Base Learners

Each base learner ft is a shallow Kolmogorov-Arnold
Network (KAN) (Liu et al., 2024), which repre-
sents multivariate functions as compositions of one-
dimensional spline functions. Concretely, given d in-
put features, a KAN computes

ft(x) =
m

∑
j=1

w j φ j

( d

∑
k=1

u jk s jk(xk)
)

(4)

where s jk are trainable spline basis functions, u jk
are linear weights, φ j are activation functions (e.g.,
identity or ReLU), and w j are output weights. This
construction induces smooth, low-complexity shape
functions that can be visualized and interpreted per
feature. A shallow Kolmogorov–Arnold Network
(KAN) is a single-layer KAN where each input fea-
ture is mapped through a spline-based univariate func-
tion S j(x j), and the outputs are linearly combined.
This additive form preserves interpretability via per-
feature shape functions while providing smooth, dif-
ferentiable approximations suitable as weak learners
in boosting.

3.3 Regularized Training Procedure

To encourage sparse and structured representations,
we add total variation and group sparsity penalties to
the base learner objective:

Lt =
1
n

n

∑
i=1

(
ft(xi)− r(t)i

)2

+λtv ∑
j,k

TV(s jk)

+λgrp ∑
k
∥u·k∥2

(5)
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Here TV(s jk) denotes the discrete total variation of
the spline coefficients for s jk, i.e., if s jk is parameter-
ized by coefficients (αm)m, then

TV(s jk) = ∑
m
|αm+1−αm| .

We optimize Lt using gradient-based methods for a
fixed number of epochs. After training ft , we perform
a line search to obtain γt and update the ensemble as
described above. Here u·k denotes the vector of all in-
coming weights from feature k across all hidden units.

This procedure yields an additive model whose
components are smooth and interpretable KANs
while retaining the optimization dynamics of gradient
boosting.

While the general gradient boosting formulation
(Section 3.1) includes a per-stage line search to de-
termine γt , our implementation uses a fixed shrinkage
parameter ν for efficiency. Conceptually, ν can be in-
terpreted as absorbing γt into a constant step size, i.e.
using ηt = νγt with γt ≡ 1. This simplification pre-
serves the boosting dynamics while reducing compu-
tational overhead.

3.4 Interpretability in GB - KANs

A key advantage of GB–KANs is that they expose na-
tive explanatory objects: each base learner is a com-
position of one-dimensional spline functions, and the
boosted ensemble remains an additive sum of such
components. Let S j(x j) denote the per-feature effect,
centered to zero mean for identifiability. Because the
overall predictor is

F(T )(x) =
T

∑
t=1

ν ft(x),

global and local explanations can be derived directly
from {S j}, without post-hoc surrogates. Here ft, j de-
notes the feature-wise marginal contribution extracted
from the stage-t KAN (via its edge-wise spline de-
composition; other inputs are held fixed at a refer-
ence and edge contributions are aggregated). We use
the term interpretability for model-intrinsic structures
that are directly understandable by humans, and ex-
plainability for artifacts that justify specific predic-
tions. Models with intrinsic interpretability typically
provide explanations ante hoc via their own decom-
position. Therefore, GB–KAN, unlike most mod-
els, does not rely on post-hoc explainability tech-
niques (Ribeiro et al., 2016), but constitutes an in-
terpretable model class by design (Doshi-Velez and
Kim, 2017). Its shallow KAN weak learners expose
human-readable spline functions, making the model
intrinsically interpretable in the sense of (Rudin,

Algorithm 1: GB-KAN training.

Require: Data {(xi,yi)}n
i=1, loss ℓ ∈

{MSE, logistic}, rounds T , learning rate
ν, KAN hyperparams (degree/knots/hidden
units/layers; optional skip), row subsampling rate
πrow, validation set V with patience P.

1: Init:
2: if ℓ= MSE then F(0)(x)← 1

n ∑
n
i=1 yi

3: else F(0)(x)← log π+ε

1−π+ε
, with π = 1

n ∑i⊮{yi =

1}
4: best←+∞, t⋆← 0, no imp← 0.
5: for t = 1,2, . . . ,T do
6: Draw a row subset St of size ⌊πrow n⌋ without

replacement.
7: Residuals:
8: if ℓ= MSE then r(t)i ← yi−F(t−1)(xi)

9: elsepi ← σ(F(t−1)(xi)), r(t)i ← yi − pi
(binary)

10: Stage fit: train a shallow KAN ft(·;θt) on
{(xi,r

(t)
i ) : i ∈ St} by least squares (mini-batch

AdamW; optional smoothness penalty set to 0 un-
less stated).

11: Update: F(t)(x)← F(t−1)(x)+ν ft(x;θt).
12: Validation:
13: if ℓ = MSE then val ← 1

|V | ∑i∈V (yi −
F(t)(xi))

2

14: elseval← 1
|V | ∑i∈V logloss(yi,σ(F(t)(xi)))

15: Early stop:
16: if val < best then best← val; t⋆← t; no imp
← 0

17: else no imp← no imp+1;
18: if no imp > P then break
19: return F(t⋆).

2018). At the same time, the additive decompo-
sition allows faithful, prediction-level explanations,
thus bridging interpretability and explainability.

Global Shape Functions and Sensitivities. For
each feature x j, we obtain a smooth effect curve

S j(x j) =
T

∑
t=1

ν ft, j(x j), S′j(x j) =
d

dx j
S j(x j),

where ft, j is the stage-t contribution of x j. The shape
S j summarizes directionality and saturation, while its
derivative S′j highlights regions of high sensitivity.
From these we can identify regimes (intervals that are
approximately monotone or flat) and hot zones (re-
gions with large |S′j|). These regimes form the basis
for simple human-readable rules.
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Stage-Wise Provenance. Because boosting is
stage-wise, the evolution of feature effects can be
visualized through storyboards, plotting the incre-
mental contributions ∆F(t)

j (x j) = ν ft, j(x j) alongside
the cumulative shape S j. This reveals when residual
structures are corrected and whether interactions
emerge progressively through repeated co-updates of
different features.

Sparsity and Structure. The edge weights u jk in
the base learners induce a sparse feature×unit con-
nectivity pattern when aggregated across stages. We
summarize this with edge-sparsity heatmaps and with
an active feature count based on ∥S j∥2,G over a grid
G . When monotonicity constraints are imposed, we
further report the fraction of grid points where empir-
ical derivatives S′j violate the expected sign.

Local-to-Global Explanations. For individual pre-
dictions, per-feature contributions S j(x j) naturally
form waterfall plots that sum to F(T )(x). Each lo-
cal contribution can be overlaid on the corresponding
global curve S j(·) to check for consistency. Because
F(T ) is additive, attribution methods such as SHAP
or integrated gradients reduce to simple per-stage de-
compositions, which can even be refined to edge-level
components within a KAN.

Domain- Specific Uses. While the same inter-
pretability tools apply across application types, their
role differs. In semantically meaningful tabular data
(e.g., medical or socio-economic domains), shapes,
storyboards, and rules yield concise and accessible
summaries for human decision-makers. In scientific
or physical systems, the same smooth effects can be
projected onto physics-informed bases, approximated
with symbolic surrogates, or tested for invariances;
providing insight into underlying laws. Thus GB–
KANs offer a unified framework whose interpretabil-
ity adapts naturally to different contexts.

3.5 Complexity & Regularization

One GB–KAN stage trains a shallow KAN with m
units for E epochs on n samples and d features; the
per-epoch cost is O(n · d ·m), yielding O(T · E · n ·
d ·m) over T stages. Convergence follows the stan-
dard functional boosting view for convex, differen-
tiable losses (Friedman, 2001); in practice we rely
on fixed shrinkage and early stopping. Generaliza-
tion is controlled by the usual path-length perspective;
small learning rate ν, moderate T , and weak learn-
ers and by KAN-native structure: capped spline res-

olution/width and optional total-variation and group-
sparsity penalties. We leave monotonicity constraints
disabled unless stated, to isolate the effect of boosting
with KANs. Our empirical results (Section 4) confirm
stable convergence across datasets and folds.

4 EXPERIMENTS

Gradient-Boosted Kolmogorov-Arnold Networks
(GB-KANs) are evaluated on real-world tabular
datasets. Our experiments address three aspects: (i)
predictive accuracy, (ii) calibration, and (iii) inter-
pretability and stability of the learned representations.
The key question is whether GB-KANs can match
state-of-the-art baselines in accuracy while offering
smoother, more interpretable shape functions and
better-calibrated confidence estimates.

4.1 Datasets

We use five established tabular benchmarks, selected
to cover both classical ML benchmarks and high-
stakes real-world applications:

Diabetes progression (Efron et al., 2004)
Regression dataset with n=442, d=10 covariates
(age, sex, BMI, blood pressure, six serum markers).
Target: one-year progression.

Concrete Strength (Yeh, 1998)
Regression dataset with n=1030, d=8 mixture
features; physically interpretable rules (e.g., wa-
ter–cement ratios).

Breast Cancer (Dua and Graff, 2017)
Binary classification, n=569, d=30 image-derived
features; canonical medical benchmark.

California Housing (Kelley Pace and Barry, 1997)
Regression dataset with n=20,640, d=8; California
house value prediction, large-scale regression.

FICO Credit Risk (Chen et al., 2018)
Binary classification, n=10,459, d=23; credit bureau
features, high-stakes financial domain.

For classification datasets we use stratified 5-fold
cross-validation; for regression datasets we use stan-
dard 5-fold cross-validation with shuffling and fixed
random seeds. Continuous features are standardized;
categorical features are one-hot encoded. “For cate-
gorical variables, we add an explicit ‘Missing’ cate-
gory for absent values within each training fold and
group levels with fewer than 5 samples (or < 0.5%
frequency) into a single ‘Other’ category. These en-
codings are fitted on the training fold and applied to
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the corresponding validation/test splits to avoid leak-
age. Concrete Strength is included as an interpretabil-
ity case study rather than in the main accuracy table,
due to its small size and strong collinearities.

4.2 Baselines and Training Setup

We compare GB-KANs against strong tree-
based, neural, and non-boosting baselines:
XGBOOST (Chen and Guestrin, 2016), GRA-
DIENTBOOSTINGREGRESSOR from SCIKIT-
LEARN, LIGHTGBM (Ke et al., 2017), CAT-
BOOST (Prokhorenkova et al., 2018), RANDOMFOR-
EST, KNN, SVR-RBF, RIDGE, LASSO (Efron et al.,
2004), ELASTICNET, TABTRANSFORMER (Huang
et al., 2020), and shallow MLPS. Hyperparameters
are tuned by grid search on the training folds. The
search ranges are capacity-matched: for example,
boosting baselines explore ν ∈ {0.05,0.1} and
T ∈ {100,200,300}; GB-KANs explore the same
ranges plus spline grid resolution (4-10 knots),
polynomial degree (1-3), and hidden width (10-12).
This alignment avoids conferring method-specific
advantages. All methods use the same splits, seeds,
and evaluation protocol.

4.3 Evaluation Protocol

Unless otherwise stated, we use 5-fold cross-
validation (stratified for classification) and report fold
means. For brevity, we omit confidence intervals in
the main tables.

For regression we report root mean squared er-
ror (RMSE), mean absolute error (MAE), and the
coefficient of determination (R2). For classifica-
tion we measure probabilistic and ranking quality:
cross-entropy (log-loss), Brier score (Brier, 1950) and
ROC-AUC (Bradley, 1997). We quantify calibration
using expected calibration error (ECE) (Nixon et al.,
2019; Posocco and Bonnefoy, 2021) with both 10/20
equal-width bins and 10 quantile bins:

ECE =
B

∑
b=1

|Bb|
n

∣∣âcc(Bb)− ĉonf(Bb)
∣∣ (6)

where Bb are bins, âcc(Bb) is empirical accuracy, and
ĉonf(Bb) is mean predicted confidence. No post-hoc
calibration is applied. Results can be seen in ta-
ble 1. The original Diabetes dataset is a regression
task. For our calibration analysis we use a binary
variant: on each training fold we compute a thresh-
old τ (the median of the target on that fold) and de-
fine labels as ybin

i = 1{yi ≥ τ}. The same τ is then
applied to the corresponding validation/test split to

Table 1: Calibration summary (ECE with 10/20 uniform
bins and 10 quantile bins) on Diabetes (binary variant).
Lower is better; values are 5-fold means.

Model ECE@10 ECE@20 ECE@10
(uniform) (uniform) (quantile)

GB-KAN 0.034 0.115 0.067
XGBoost 0.065 0.111 0.081
LightGBM 0.057 0.124 0.078
CatBoost 0.075 0.086 0.088

Table 2: Breast cancer classification benchmark. Lower
log-loss and Brier indicate better calibration; higher ROC–
AUC indicates stronger discrimination. Best results in bold
and mean across 5 folds.

Model LogLoss ↓ Brier ↓ ROC–AUC ↑
GB–KAN 0.074 0.024 0.997
CatBoost 0.092 0.025 0.995
XGBoost 0.093 0.031 0.994
MLP 0.102 0.029 0.996
LightGBM 0.103 0.028 0.991
Random Forest 0.131 0.038 0.993
Gradient Boosting 0.173 0.041 0.990

avoid leakage. All preprocessing steps and the thresh-
old are fitted strictly within the training fold. Over-
all, GB–KAN achieves the lowest ECE under most
binning schemes, indicating better calibrated prob-
abilities than tree-based boosting baselines. While
CatBoost is competitive under 20-bin uniform dis-
cretization, its performance is less consistent across
other binning strategies. This suggests that GB–
KAN not only produces accurate predictions, but also
well-calibrated confidence estimates without requir-
ing post-hoc calibration.

4.4 Predictive Performance on
Regression and Classification

We evaluate GB–KAN on predictive accuracy. On
the binary classification breast cancer dataset, GB–
KAN achieves the strongest overall results (Tab. 2).
It delivers the lowest log-loss (0.074) and Brier score
(0.024), while also reaching the highest ROC–AUC
(0.997). Tree-based ensembles (CatBoost, XGBoost,
LightGBM) and Random Forest remain competitive
in discriminative power, but underperform in calibra-
tion. Compared to the neural MLP baseline, GB–
KAN attains superior calibration and slightly higher
ROC–AUC. These findings confirm that GB–KAN
combines state-of-the-art predictive performance with
reliable probability estimates.

Table 3 reports regression results. On the Di-
abetes dataset, GB–KAN achieves the lowest error
(RMSE 53.84, MAE 42.87), while reaching an R2

of 0.48. Linear baselines such as Ridge, ElasticNet,
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Table 3: Regression benchmarks on Diabetes and California
Housing. Best per dataset in bold and mean across 5 folds.

Model RMSE ↓ MAE ↓ R2 ↑
Diabetes

GB-KAN 53.84 42.87 0.48
Ridge 54.83 44.24 0.48
ElasticNet 54.84 44.26 0.48
Lasso 54.85 44.27 0.48
CatBoost 56.38 45.57 0.45
Random Forest 57.59 46.77 0.43
LightGBM 57.84 46.29 0.42
GB (sklearn) 58.53 47.49 0.41
MLP 59.40 46.74 0.39
XGBoost 60.52 48.54 0.37
TabTransformer 67.68 53.50 0.21

California Housing

XGBoost 0.45 0.30 0.85
LightGBM 0.48 0.32 0.83
CatBoost 0.49 0.33 0.82
GB-KAN 0.49 0.33 0.82
Random Forest 0.50 0.33 0.81
GB (sklearn) 0.52 0.36 0.80
MLP 0.53 0.35 0.79
TabTransformer 0.56 0.39 0.76
ElasticNet 0.73 0.53 0.60
Lasso 0.73 0.53 0.60
Ridge 0.73 0.53 0.60

and Lasso attain similar R2 values (0.48), but with
higher prediction error. Tree ensembles achieve R2

values between 0.45 and 0.37, while TabTransformer
lags behind at 0.21. This highlights GB–KAN as
a strong contender that balances predictive accuracy
with interpretability, though it trades off some ex-
plained variance compared to linear models.

On the large-scale California Housing dataset,
gradient-boosted trees dominate. XGBoost achieves
the best results (R2=0.85, RMSE 0.45, MAE 0.30),
followed closely by LightGBM (0.83). GB–KAN
and CatBoost are statistically tied (R2=0.82, RMSE
0.49, MAE 0.33), placing them just behind the top
tree learners and ahead of Random Forest (0.81) and
the standard GradientBoostingRegressor (0.80). Neu-
ral baselines perform somewhat worse, with MLP
at R2=0.79, while the TabTransformer reaches 0.76.
Linear methods (Ridge, Lasso, ElasticNet) trail far
behind at R2=0.60, confirming the advantage of non-
linear models in this high-dimensional setting. Over-
all, GB–KAN scales competitively to large datasets,
nearly matching CatBoost and narrowing the gap to
XGBoost, while continuing to offer its interpretability
advantages. On all datasets, GB-KAN training time is
within a factor of 2.5–3× of XGBoost. This overhead
is mainly due to spline evaluations but remains prac-
tical for the tabular scales considered.

4.5 Interpretability Evaluation

Beyond accuracy and calibration, we evaluate GB-
KAN explanations along both qualitative and quan-
titative dimensions.

Qualitative Inspection. Stage-wise refinement
plots (“boosting storyboards”) visualize how suc-
cessive stages refine feature effects and highlight
emergent interactions. For tabular datasets (e.g.,
DIABETES), we extract per-feature shape cards
S j(x j) with 95% cross-validation bands. These
reveal clinically interpretable regimes, e.g., flat risk
below BMI 25, sharp increase between 30-35, and
saturation thereafter. Local-to-global plots confirm
that individual predictions decompose faithfully into
these global curves.

Quantitative Diagnostics. We report three families
of metrics:

• Complexity: total variation of S′j (lower =
smoother).

• Sparsity: number of active features with ∥S j∥2,G
exceeding a 1% threshold of the maximum.

• Stability: mean Spearman correlation of dis-
cretized S j curves across folds for the top-k fea-
tures (k=10)..

Table 4 summarizes these metrics for GB-KAN com-
pared with XGBoost+SHAP and MLP+Integrated
Gradients. Across datasets, we find that GB-KAN
achieves substantially lower sparsity than baselines
(using only ∼7 out of 10 features on average for
Breast Cancer) while maintaining high stability (τ ≈
0.92). By contrast, XGBoost and MLP typically use
all features (sparsity = 10) but show reduced stability
across folds (τ < 0.8). Complexity values are higher
for GB-KAN, reflecting the expressive spline param-
eterization of KAN shape functions; however, this
complexity remains structured and interpretable, un-
like the opaque latent complexity of MLPs.

Table 4: Interpretability metrics. Lower complexity and
higher stability are better.

Model Complexity ↓ Sparsity ↓ Stability ↑
(TV of S′j) (active feats) (cross-fold)

GB-KAN 2018 7.2 0.92
XGBoost+SHAP 1466 10 0.75
MLP+IG 762 10 0.68
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(a) Revolving burden (global) (b) External risk estimate (global) (c) Satisfactory trades (global)

(d) Sensitivity revolving (e) Sensitivity risk (f) Sensitivity trades

(g) Local2global revolving (h) Local2global risk (i) Local waterfall

Figure 1: Interpretability in the FICO dataset. Row 1: global effects reveal domain-plausible patterns. Row 2: derivative
sensitivities highlight unstable regions and monotonic segments. Row 3: local2global and waterfall plots provide applicant-
level auditability and contextualization of predictions.

4.6 Interpretability Case Study: FICO
Credit Risk

To further illustrate the interpretability advantages of
GB–KAN, we analyze the FICO credit risk dataset, a
benchmark widely studied in fairness-aware machine
learning. Unlike our study on Concrete Strength,
which emphasizes physically grounded rules in engi-
neering, this example highlights interpretability in a
high-stakes financial application.

Global effects. We focus on three representative
features with the highest edge weight magnitudes: re-
volving burden, external risk estimate, and number of
satisfactory trades Figure 1 (top row) shows the global
shape functions for key features. We observe clear
and domain-plausible patterns:

• NetFractionRevolvingBurden (credit utiliza-
tion): low utilization yields a strong positive ef-
fect on approval, while high utilization (>150%)
is sharply penalized.

• ExternalRiskEstimate (risk score proxy): val-
ues around 20–30 lead to strongly positive contri-
butions, while mid-range values (∼40) are penal-
ized.

• NumSatisfactoryTrades: additional satisfactory
trades improve creditworthiness, but the effect
saturates beyond ∼60 trades.

Sensitivity Analysis. The derivative plots (middle
row of Figure 1) capture local sensitivities S′j(x), re-
vealing where predictions are unstable. For exam-
ple, around mid-range values of ExternalRiskEsti-
mate, small changes can strongly alter predicted ap-
proval, reflecting regions of higher uncertainty. This
motivates regularization or monotonicity constraints
in sensitive domains.

Local-to-Global Explanations. The bottom row of
Figure 1 shows local2global plots, situating an in-
dividual applicant (red dot) within the global effect
curve. This highlights, for instance, how a low re-
volving burden can compensate for fewer satisfactory
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trades. Such explanations allow credit officers or ap-
plicants to understand why a prediction was made in
context of the global model behavior.

Local Decomposition. Finally, the waterfall plot
(bottom right of Figure 1) provides a full decompo-
sition of a single decision: low revolving burden con-
tributes +0.2 to approval, while a limited number of
satisfactory trades and moderate delinquency history
subtract ∼0.1 each. Such additive explanations make
the decision process directly auditable.

Derived Decision Rules. From these interpretable
objects, GB–KAN allows practitioners to extract
transparent rules that are both human-readable and
predictive:

Applicants with low revolving utilization
(<50%) and more than ∼20 satisfactory
trades are consistently favored. High uti-
lization (>150%) or mid-range external risk
scores (∼40) strongly reduce approval likeli-
hood. Longer credit history (>600 months)
adds further positive contributions, but with
weaker magnitude.

Such rules are not explicitly encoded in the data but
emerge naturally from the smooth, spline-based struc-
ture of GB–KAN. Importantly, these statements are
both global (model-wide trends) and local (applicant-
specific), which is essential for high-stakes decisions
in regulated domains.

4.7 Interpretability on the Cement
Dataset

We next turn to the concrete strength dataset, where
the same tools provide scientifically coherent expla-
nations in an engineering domain. We examine three
complementary families of interpretability plots. To-
gether, they provide a multi-perspective account of
how features contribute to predictions.

Global Shape Functions. On Concrete Strength,
shapes for cement, water, and age (Figure 2a–c)
align with engineering knowledge: strength increases
with cement, decreases with excessive water, and sat-
urates with curing age. Simple parametric surro-
gates (e.g., saturating exponentials for age, concave
quadratics for water) approximate these shapes and
match known empirical laws like Abrams’ law. show
representative feature effects for cement, water, and
age. These curves are smooth and semantically
meaningful. Cement has a strong monotone posi-
tive effect, consistent with the known role of cement

content in increasing compressive strength. These
approximations confirm that GB–KAN not only re-
covers domain-consistent trends (Abrams’ law) (Yeh,
2006; Benaicha et al., 2019) but also aligns with well-
established empirical formulas from material science.

Local Sensitivity. First-derivative plots (Figure 2d–
f) highlight where predictions are most sensitive to
small changes in input. For instance, the sharp initial
sensitivity to curing age underscores the importance
of early hydration processes, while cement remains
consistently influential across its range. These deriva-
tive views add nuance by revealing where in feature
space small perturbations matter most. Note that the
apparent differences in the derivative plots across fea-
tures (e.g., water, age, cement) are primarily due to
their different scales. The vertical axes are not nor-
malized.

Local-to-Global Alignment. To test coherence
across scales, we visualize local positions within
global curves (Figure 2g–i). For an individual in-
stance, the red markers illustrate how its prediction
decomposes along the same trends observed globally.
For example, a sample with high water content is
placed on the steeply negative region of the water ef-
fect curve, clearly explaining the lowered prediction.
This consistency across local and global explanations
is a key advantage over post-hoc methods, which of-
ten lack such alignment.

Finally, we analyze model internals. The waterfall
plot in Figure 3 decomposes a single prediction into
signed feature contributions, illustrating how positive
contributions from age and superplasticizer par-
tially offset negative effects of slag and water and
cement leading to a prediction lower then the base.

Rule Extraction. From regime structure in SJ we
can extract simple rules (e.g., cement up → strength
up; water > 125→ strength down; age up to 100 days
→ strength up then plateau), providing concise sum-
maries for domain experts. These rules correspond
closely to engineering intuition: strength increases
steadily with higher cement content, decreases with
excess water, and rises sharply with curing age before
plateauing. Such extracted rules provide an imme-
diately usable description of model behavior that is
accessible to domain experts.

4.8 Ablation Studies

On Breast Cancer, GB–KAN is sensitive to learn-
ing rate and number of boosting rounds, which sub-
stantially reduce log-loss, whereas varying hidden
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(a) Global effect: cement (b) Global effect: water (c) Global effect: age

(d) Local sensitivity: cement (e) Local sensitivity: water (f) Local sensitivity: age

(g) Local-to-global: cement (h) Local-to-global: water (i) Local-to-global: age

Figure 2: Interpretability for the concrete strength dataset. Columns correspond to features (cement, water, age); rows
correspond to interpretability views. (a-c) Global effect functions show domain-consistent nonlinearities. (d-f) Local sensi-
tivities (first derivatives) highlight where predictions are most reactive. (g-i) Local-to-global alignment plots place individual
instances (red markers) on the global curves.

Figure 3: Local waterfall decomposition of a single predic-
tion for the cement dataset.

width and spline knots has negligible effect (Fig. 4).
ROC–AUC remains saturated across all settings, sug-
gesting that modest-capacity base learners suffice
when boosting is well tuned.

5 CONCLUSION

We introduced GB–KANs, which combine gradi-
ent boosting with interpretable KAN base learners
to produce smooth per-feature shape functions and
competitive, well-calibrated performance on tabular
benchmarks. Across real-world tabular datasets, GB-
KANs achieve predictive performance competitive
with state-of-the-art boosting libraries while provid-
ing better-calibrated probability estimates. Impor-
tantly, the model exposes human-readable shape func-
tions at each stage, enabling one to trace how feature
effects evolve through boosting rounds and to detect
emergent interactions.

Limitations and Future Work. Future work
includes multi-output extensions, deeper KANs,
second-order boosting, and explicit interaction dis-
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Learning rate Boosting rounds

Spline knots Hidden width

Figure 4: Ablation study on Breast Cancer: effect of key
factors on log-loss (lower is better). Learning rate and
boosting rounds strongly reduce loss, while architectural
parameters (knots, width) have little effect. ROC–AUC re-
mains saturated at ≈ 0.997 across all settings (not shown).

covery to further improve high-dimensional perfor-
mance while preserving interpretability. Overall, GB-
KANs provide a new accuracy-interpretability trade-
off for tabular learning: they retain the reliability
of boosting while exposing the internal structure of
the learned function in a human-readable form. In
practice, GB-KANs are particularly attractive when
tree-based boosting is deemed too opaque, but plain
additive or linear models underfit. In those cases,
GB-KAN offers a middle ground: performance close
to XGBoost/LightGBM on large tabular tasks, inter-
pretability on par with GAM-style methods, and a
computational footprint comparable to other boosting
libraries.
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