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Abstract

Kolmogorov–Arnold networks (KANs) are increasingly applied to well-log and reservoir
problems, but their evaluation protocols rarely control preprocessing leakage, replicate
comparators across seeds, or test depth-shifted generalization. This study evaluates a KAN
for predicting shear-wave slowness from seven conventional logs and two engineered
proxies on a public, depth-indexed dataset of 1904 records, benchmarked against six model
families under a leakage-free protocol with five-seed replication. On the random split,
KAN is competitive (R2 ≈ 0.99) but not the best model: gradient-boosted ensembles and a
multilayer perceptron score higher. Once adjacent-sample leakage is removed by blocked
depth cross-validation, every family degrades sharply, and in a shallow-to-deep test with
matched preprocessing, hyperparameters, and seeds, KAN loses most of its accuracy (an
8-fold RMSE increase) while compact symbolic regression retains the highest mean accuracy.
Edge-level symbolic templates fit individual KAN edges well, but no template identity
is stable across seeds, so edge fits serve as diagnostics rather than recovered physical
laws. These results separate interpolation accuracy from depth generalization and indicate
the evidence—multiwell blocked validation and calibrated uncertainty—required before
KAN-based log reconstruction can be considered reliable.

Keywords: shear-wave slowness; sonic log reconstruction; well logging; Kolmogorov–
Arnold network; critical evaluation; depth extrapolation; rock physics

1. Introduction
Shear-wave information supports elastic-modulus estimation, seismic interpretation,

borehole-stability assessment, and geomechanical modeling [1,2]. In practice, a dipole
shear-sonic log may be unavailable because of acquisition cost, tool limitations, poor
borehole conditions, or incomplete legacy logging programs. Empirical relationships
between compressional- and shear-wave velocities are therefore widely used to reconstruct
missing shear information [3–5]. Their usefulness is well established, but their coefficients
and validity ranges depend on lithology, porosity, clay content, saturation, pressure, and
measurement conditions. A fixed relation can consequently become unreliable when it is
transferred outside the calibration domain.

Machine-learning models provide a flexible alternative by learning multivariate rela-
tionships among conventional logs. Previous studies have used neural networks, ensemble
methods, and other artificial-intelligence approaches to estimate shear-wave velocity or
slowness from petrophysical logs [6,7]. Recent investigations have continued to improve
accuracy and, in some cases, incorporate uncertainty or rock-physics validation [8,9]. How-
ever, a high score on a randomly sampled test set is not equivalent to reliable prediction
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in a new depth interval or well. Adjacent well-log samples are strongly autocorrelated,
and random partitions may place neighboring or geologically similar observations in both
training and test subsets. Deployment performance must therefore be evaluated under an
explicit distribution shift.

Interpretability is a second unresolved issue. Post hoc explanations can identify
associations, but they do not automatically provide a stable or mechanistic model [10,11].
Kolmogorov–Arnold networks (KANs) replace fixed scalar activations with learnable
univariate functions on network edges [12]. This representation has motivated the view
that KANs may offer a useful compromise between predictive flexibility and inspectable
functional structure; KAN 2.0 further emphasizes scientific applications and symbolic
analysis [13]. Yet the existence of a fitted edge function does not make that function a
physical law. The edge may belong to an intermediate hidden representation, may depend
on standardization and network initialization, and may change while the complete network
prediction remains similar. A credible KAN study must therefore separate three questions:
predictive accuracy, extrapolative behavior, and stability of the claimed interpretation.

Applications have spread quickly through the geoscientific workflow. KANs and KAN
hybrids have been used to predict reservoir parameters from well logs [14], to reconstruct
resistivity logs for fluid characterization [15], and to forecast production on the public Volve
dataset [16]. These studies report accuracy gains under within-dataset evaluation, which
is the natural first question. The conditions studied here—leakage-free preprocessing,
seed replication, and forward depth extrapolation—are the ones that decide whether a
reconstructed log can be trusted beyond its calibration interval, and they have received far
less attention.

Generalized additive models (GAMs) provide a relevant interpretable comparator
because they combine univariate smooth functions additively [17]. Symbolic regression
offers a more direct search for compact equations [18,19]. Tree boosting, support-vector
regression, and multilayer perceptrons provide complementary high-performance baselines.
Comparing these model families on the same split helps determine whether KAN offers an
empirical advantage, an interpretability advantage, both, or neither.

The present study therefore evaluates KAN for shear-wave slowness reconstruction
from conventional logs on an open, depth-indexed dataset, treating the response correctly
as slowness (DTS, µs/ft) rather than velocity. Its contribution is threefold. It first estab-
lishes a leakage-free benchmark: the data partition precedes all fitting, every stochastic
comparator is replicated across five seeds, and model selection uses validation data alone.
It then characterizes generalization with two complementary designs—blocked depth
cross-validation, which removes adjacent-sample optimism, and a shallow-to-deep test
whose preprocessing, hyperparameters, and seeds match the benchmark, together with a
wide-grid control that bounds the influence of spline clipping. Finally, it audits symbolic
template fits to KAN edges across seeds and delimits what such fits can and cannot evi-
dence. The aim is a reproducible assessment of where KAN is competitive, where it fails to
generalize, and what its edge functions reveal.

2. Materials and Methods
2.1. Dataset and Response Definition

The workflow comprised data auditing, leakage-free preprocessing, random-split
model comparison, blocked depth cross-validation, a harmonized depth-shift stress test,
and an edge-level interpretability audit (Figure 1). The response was modeled in its
recorded slowness unit.

The source was the public Geomechanical Properties of Rock dataset distributed
through Kaggle [20]. The local comma-separated file contained 1904 depth-indexed rows
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and eight measured variables after removal of an exported index column. No missing
numeric values were present. The source package available for this project did not include
a DOI, well identifier, lithology labels, geographic location, acquisition description, or a
complete unit dictionary.

 

Figure 1. Evidence chain for the study.

The recorded response field is Shear Wave Travel Time. Its values range from 85.47 to
184.78 µs/ft and are shear-wave transit time per unit length—commonly called shear-wave
slowness or DTS. We denote it by ∆ts; It does not refer to velocity. If conversion is required,
shear-wave velocity in SI units is

Vs (m s−1 ) =
304, 800

∆ts(µs/ft)
(1)

The analogous compressional-wave field is denoted as ∆tp (DTP). Modeling ∆ts di-
rectly avoids changing the response distribution and preserves the unit used by the source
file. Depth was recorded in feet and is also reported in meters using 1 ft = 0.3048 m. Table 1
show the measured variables in the source dataset before outlier filtering.

The labels RES, GR, and ρb follow common well-log terminology, but conventional
units must not be assumed until they are checked against the original data producer’s
documentation.

Table 1. Measured variables in the source dataset before outlier filtering.

Role Source Field Notation Range Unit Used in This Study

Predictor Depth D 6805.0–7756.5 ft (2074.2–2364.2 m)
Predictor Resistivity RES 17.413–7223.241 Not specified in source metadata
Predictor Gamma Ray GR 24.463–623.150 Not specified in source metadata
Predictor Total Porosity ϕt 0.00287–0.14208 Fraction
Predictor Effective Porosity ϕe 0.00212–0.11932 Fraction
Predictor Bulk Density ρb 2.42895–2.84976 Not specified in source metadata
Predictor Compression Wave Travel Time ∆tp 50.806–101.456 µs/ft
Response Shear Wave Travel Time ∆ts 85.474–184.779 µs/ft

2.2. Data Audit and Preprocessing

Two deterministic interaction features were added after cleaning:

xρϕ = ρbϕt (2)

and
xI∗ = 106 ρb

∆tp
(3)
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Equation (3) is called an acoustic-impedance proxy, not acoustic impedance, because
the source metadata do not establish a fully consistent SI unit chain. The final input vector
contained nine features: the seven measured predictors and the two engineered proxies.

The train–validation–test partition was drawn from the 1904 source rows before
any fitting: ten quantile bins of depth served as stratification labels, with 70% of the
observations assigned to the training subset and 15% each to the validation and test
subsets. An Isolation Forest with contamination 0.05 and random seed 42 was then fitted
to the seven measured predictors of the training subset and applied to the validation and
test subsets [21]; 1265 training, 267 validation, and 267 test observations were retained.
StandardScaler parameters were fitted on the retained training subset and applied to
the validation and test subsets; the response was standardized in the same manner for
optimization, and all reported predictions were inverse-transformed to µs/ft before error
computation. In the depth-shift and blocked protocols the detector is applied only to the
development data, and the deliberately shifted test domains are evaluated unfiltered so
that the extrapolation regime is retained. The influence of this difference in test filtering
was measured directly: on the unfiltered random test set the order of the leading families
(XGBoost, LightGBM, MLP, KAN) is unchanged and their RMSE values shift by at most
0.9 µs/ft, while the most sensitive baselines are the additive GAM (+5.1 µs/ft) and the
kernel SVR (+2.2 µs/ft). Test filtering therefore matters chiefly for the two least flexible
baselines and does not alter the comparison of the leading families.

Figure 2 summarizes the unfiltered source table. Shear-wave slowness had a mean of
123.93 µs/ft and a standard deviation of 19.25 µs/ft. The strongest pairwise relationship
was with P-wave slowness (r = 0.952), but the depth profile and multimodal target distri-
bution show that the data are not independent and identically distributed in the ordinary
tabular sense.

Figure 2. Source-data audit. (a) Distribution of shear-wave slowness. (b) Relationship between
P-wave and shear-wave slowness; the line is an ordinary least-squares visual guide fitted to all
source rows. (c) Shear-wave slowness versus depth. (d) Pearson correlation matrix for the measured
predictors and response. RES: resistivity; GR: gamma ray; PHIT: total porosity; PHIE: effective
porosity; RHOB: bulk density; DTP: P-wave slowness; DTS: shear-wave slowness.
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2.3. Kolmogorov–Arnold Network

A KAN layer maps an input vector x ∈ Rn to an output vector z ∈ Rm by summing
trainable univariate edge functions. In the present implementation,

zj =
n

∑
i=1

[
w(b)

ji SiLU(xi) + sji

Q

∑
q=1

cjiqBq(xi)

]
(4)

where Bq are B-spline basis functions, w(b)
ji is the residual-base weight, cjiq are spline coeffi-

cients, and sji scales the spline component. The network architecture was [9, 5, 5, 1], with
learnable edge functions in all three layers; the residual activation is SiLU(x) = x·sigmoid(x).
Cubic splines (order 3) were defined on five grid intervals over the standardized range
[−2, 2], giving eight basis functions per edge, and inputs outside the grid were clipped to
its endpoints for spline evaluation. To bound the influence of this clipping under extrapo-
lation, a wide-grid variant of the same architecture spans the spline support over the full
standardized training range (floor of the minimum minus 0.5 to ceiling of the maximum
plus 0.5). The implementation follows the edge-function formulation of Liu et al. [12,13]
and omits the grid-extension and symbolic-pruning utilities of the reference software.

KAN was optimized using mean-squared error only:

Ldata =
1
N

N

∑
k=1

(ŷk − yk)
2 (5)

AdamW was used with learning rate 10−3, weight decay 10−4, batch size 64, gradient-
norm clipping at 1.0, a cosine learning-rate schedule, and a maximum of 500 epochs [22].
Training stopped if validation loss failed to improve for 40 epochs, and the checkpoint with
minimum validation loss was restored. Five random seeds (42, 123, 456, 789, and 1024)
were evaluated for the final KAN random-split result.

2.4. Comparator Models

Six comparators were evaluated on the same standardized random split:

1. Multilayer perceptron (MLP): hidden widths 64, 32, and 16; ReLU activation, batch
normalization, and dropout 0.1, followed by an 8-unit ReLU head. The same optimizer,
stopping rule, and data loss as KAN were used.

2. XGBoost: 300 trees, maximum depth 6, learning rate 0.05, row subsampling 0.8, and
column subsampling 0.8 [23].

3. LightGBM: 300 trees, maximum depth 6, learning rate 0.05, row subsampling 0.8, and
column subsampling 0.8 [24].

4. Support-vector regression (SVR): radial-basis-function kernel, C = 1.0, and ϵ = 0.1 [25].
5. Generalized additive model (GAM): one univariate B-spline term per input feature.

Candidate basis sizes of 6, 10, 15, and 20 splines were searched with smoothing
parameter 0.1; the basis size was selected by validation-subset R2 alone, and the
selected model was then evaluated once on the test subset.

6. Symbolic regression: genetic programming with 5000 programs for 20 generations, a
function set containing arithmetic, protected roots/logarithms, trigonometric func-
tions, inversion, and negation, and a parsimony coefficient of 0.001 [19].

Stochastic models—KAN, MLP, XGBoost, LightGBM, and genetic-programming sym-
bolic regression—were each repeated across five random seeds (42, 123, 456, 789, and 1024);
SVR and pyGAM are deterministic algorithms under these settings and were evaluated
once. All comparators use literature-default hyperparameters with the single validation-
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based selection described above, so the benchmark characterizes default-configuration
behavior under a uniform protocol rather than exhaustively tuned performance.

2.5. Blocked Depth Cross-Validation

Random partitions of depth-indexed logs place adjacent, strongly autocorrelated
samples in both training and test subsets, so random-split scores can be optimistic even
under depth-bin stratification. A blocked design removes this pathway. The 1904 rows
were ordered by depth and divided into five contiguous blocks of 381 rows (the last
containing 380). In fold k, block k was held out for testing and the remaining four blocks
formed the development set, within which a depth-stratified 15% validation subset was
drawn; because this validation subset remains interleaved with training depths, early-
stopping estimates inherit a mild optimism that the held-out block itself does not. The
isolation-forest detector and both scalers were fitted on the training subset of each fold
only, and the held-out block was evaluated unfiltered, so every observation is tested exactly
once under a partition that never mixes neighboring depths. All seven model families were
evaluated with the hyperparameters of Section 2.4; stochastic models used three seeds
per fold.

2.6. Depth-Extrapolation Stress Test

The 1904 source rows were ordered by depth and divided at the median, 7280.75 ft
(2219.2 m): the shallower 952 rows formed the development domain and the deeper
952 rows formed the test domain. Within the shallow half, a depth-bin-stratified split
assigned 85% of the rows to training and 15% to validation. Preprocessing, model configu-
rations, hyperparameters, and seeds are identical to the random-split benchmark; the test
domains differ in depth range and are evaluated unfiltered (Section 2.2), so performance
differences between the protocols reflect the depth shift rather than tuning or architecture
differences. An isolation forest fitted on the shallow training subset flags 66.4% of the
deep rows as anomalous, and the mean absolute z-score of the deep half across the seven
predictors is 1.9 relative to shallow-training statistics (depth 3.5σ; gamma ray 2.7σ); both
quantities summarize the covariate shift. All seven model families were evaluated, and
KAN additionally in the wide-grid variant of Section 2.3.

2.7. Edge-Level Symbolic Surrogate Audit

The interpretability analysis inspected first-layer edges entering the first hidden node
of trained KANs. For each input feature, 100 standardized values spanning the observed
training range were passed through the selected edge while the remaining inputs were
held at a single fixed training sample (the first row of the training set in standardized
coordinates). Seven candidate templates—linear, quadratic, cubic, exponential, logarithmic,
power, and sigmoid, covering the function families most commonly used in petrophysical
trend modeling—were fitted by nonlinear least squares. For each seed, the five edges with
the highest template-fit R2 were retained; the retained feature sets are compared across
seeds in Section 3.4.

This procedure approximates individual hidden-edge activations. It does not collapse
the stacked layers into a complete mapping from the nine inputs to DTS, and its coefficients
are expressed in standardized coordinates. The analysis therefore evaluates local shape
and cross-seed stability, not a field-deployable equation or a new rock-physics law.

2.8. Evaluation and Statistical Reporting

Performance was measured using the coefficient of determination, root-mean-square
error, and mean absolute error:
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R2 = 1 − ∑N
k=1(yk − ŷk)

2

∑N
k=1(yk − y)2 (6)

RMSE =

√√√√ 1
N

N

∑
k=1

(yk − ŷk)
2 (7)

and

MAE =
1
N

N

∑
k=1

|yk − ŷk| (8)

RMSE and MAE are reported in µs/ft after inverse transformation. Stochastic models
are summarized as mean ± population standard deviation (ddof = 0) across five seeds on
the random and depth protocols and across three seeds per fold in blocked cross-validation;
SVR and GAM are deterministic and carry no seed dispersion. Seed repetitions share one
split and quantify algorithmic variability rather than geological sampling variability, so
rankings are read as point estimates under the studied partition and differences smaller
than the seed dispersion are not interpreted.

The analysis was implemented in Python 3.11 using PyTorch 2.6.0, pandas 2.2.2,
NumPy 2.5.0, scikit-learn 1.9.0 [26], XGBoost 3.3.0, LightGBM 4.6.0, pyGAM 0.12.0,
gplearn 0.4.3, Matplotlib 3.11.0, and Seaborn 0.13.2. Machine-readable split arrays, scalers,
model summaries, seed-level metrics, and symbolic-fit parameters are retained in the
project directory.

3. Results
3.1. Random-Split Model Comparison

Table 2 and Figure 3 compare the seven families on the random test split. XGBoost
achieved the highest accuracy (R2 = 0.9956 ± 0.0002; RMSE = 1.26 ± 0.03 µs/ft), followed by
LightGBM and the MLP. KAN achieved a five-seed mean R2 of 0.9891 with RMSE 1.98 µs/ft
and MAE 1.43 µs/ft—essentially level with SVR (0.9890) and ahead of the GAM (0.9851)
and symbolic regression (0.9666 ± 0.0114). On the unfiltered test set (286 rows) the leading
families keep their order, with RMSE increases of 0.3–0.9 µs/ft for XGBoost, LightGBM,
the MLP, and KAN; the additive GAM and SVR are the most sensitive to the flagged rows
(+5.1 and +2.2 µs/ft).

Table 2. Performance on the 267-record random test subset. Stochastic models: mean ± population
SD across five seeds; SVR and GAM: single deterministic runs.

Model Runs R2 RMSE (µs/ft) MAE (µs/ft)

MLP 5 0.9912 ± 0.0014 1.77 ± 0.15 1.32 ± 0.09
XGBoost 5 0.9956 ± 0.0002 1.26 ± 0.03 0.89 ± 0.02

LightGBM 5 0.9939 ± 0.0003 1.48 ± 0.04 1.03 ± 0.02
KAN 5 0.9891 ± 0.0010 1.98 ± 0.09 1.43 ± 0.08
SVR 1 (det.) 0.9890 1.99 1.47

GAM 1 (det.) 0.9851 2.31 1.81
Symbolic regression 5 0.9666 ± 0.0114 3.42 ± 0.56 2.76 ± 0.50

Differences among the top three models are small in absolute terms. The lower
symbolic-regression score indicates that a compact global expression drawn from the
specified function set could not reproduce the multivariate relationship as accurately as the
flexible nonlinear models.

Across seeds, KAN R2 ranged from 0.9878 to 0.9908 and MAE from 1.31 to 1.56 µs/ft—a
dispersion that is small next to the random-to-depth performance gap discussed below.
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Figure 3. Random-split model comparison. (a) Coefficient of determination. (b) RMSE after inverse
transformation to µs/ft. Points: mean ± SD across five seeds (stochastic models); SVR and GAM are
single deterministic runs.

3.2. Performance Under Blocked Depth Cross-Validation

Blocked cross-validation removes the adjacent-sample optimism of the random split,
and the effect is severe (Table 3, Figure 4). Mean per-fold RMSE rises to 6.8 µs/ft for KAN
and 7.8 µs/ft for the MLP (random-split means: 2.0 and 1.8 µs/ft), and on the extrapolative
end folds every family produces negative R2. Two mechanisms produce the extreme values.
On fold 4, where the GAM and symbolic models reach R2 of −38.1 and −6.2, the failure is
divergence: 31% of GAM and 34% of symbolic predictions fall outside the range of their
training response. On fold 5, the mechanisms combine: the held-out block’s response SD
is only 4.1 µs/ft (fold 1: 4.7), so a given absolute error depresses R2 far more than in the
random split, and the MLP and GAM place 52% and 27% of predictions outside the training
range. Because R2 divides the squared error by the within-fold variance, it magnifies
both failure modes; RMSE is therefore used as the cross-fold summary and per-fold R2 is
reported for transparency.

Table 3. Blocked depth cross-validation (leave-one-block-out over five contiguous depth intervals;
test folds unfiltered). Cells: per-fold R2, mean ± population SD across three seeds for stochastic
models (KAN, MLP, symbolic regression); single values for deterministic SVR and GAM. Mean RMSE
is the average across folds.

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean RMSE (µs/ft)

MLP −0.18 ± 0.42 0.59 ± 0.05 0.84 ± 0.04 0.49 ± 0.18 −12.53 ± 7.43 7.76
XGBoost −0.25 ± 0.00 0.18 ± 0.00 0.88 ± 0.00 0.54 ± 0.00 −0.42 ± 0.00 6.07

LightGBM −0.18 ± 0.00 −0.06 ± 0.00 0.84 ± 0.00 0.42 ± 0.00 −2.59 ± 0.00 7.13
KAN −0.37 ± 0.53 0.58 ± 0.06 0.83 ± 0.01 −0.02 ± 0.17 −0.49 ± 0.55 6.78
SVR −0.15 0.68 0.78 −1.28 −23.20 11.15

GAM −1.35 0.29 0.80 −38.12 −0.10 21.44
Symbolic regression −1.51 ± 1.42 0.71 ± 0.06 0.79 ± 0.10 −6.16 ± 4.88 −8.98 ± 1.51 12.20

Within this design, the interior folds separate the families cleanly: on fold 3, where
the held-out block is bracketed by training depths, most families reach R2 of 0.78–0.88,
with KAN and the MLP the strongest of the neural models. The end folds collapse for
every family. No model trained on this sequence retains usable accuracy under genuine
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depth extrapolation, which is the deployment-relevant characterization of this dataset; the
random-split scores of Table 2 should be read against this reference.

 

Figure 4. Blocked depth cross-validation: per-fold mean R2 by held-out contiguous depth block. Fold
1 (shallowest) and Fold 5 (deepest) require extrapolation; middle folds interpolate across a removed
depth interval.

3.3. Shallow-to-Deep Generalization

All seven families lose most of their accuracy when the development domain is
restricted to the shallow half (Table 4, Figure 5). KAN falls to R2 = 0.5624 ± 0.1660
(RMSE 16.48 ± 2.99 µs/ft, an 8.3-fold increase over its random-split mean) and the
MLP to R2 = 0.4258 ± 0.0227 (a 10.8-fold increase); the kernel SVR collapses almost com-
pletely (R2 = 0.1361). The boosted ensembles retain more of their accuracy (LightGBM
0.7438 ± 0.0031; XGBoost 0.6776 ± 0.0269), the additive GAM falls to 0.5118, and the sym-
bolic models retain the highest mean accuracy (R2 = 0.8513 ± 0.0925) though with the
widest seed-to-seed spread of any family. Standardized deep-half inputs fall outside the
default [−2, 2] spline grid for 42.3% of sample–feature entries (up to 94.2% for depth).
The wide-grid KAN variant, whose spline support covers the training-standardized range,
improves deep RMSE only to 15.21 ± 0.69 µs/ft, establishing an upper bound of roughly
1.3 µs/ft on the contribution of boundary clipping; the remaining degradation reflects the
difficulty of forward depth extrapolation for this architecture and dataset.

Table 4. Shallow-to-deep stress test with preprocessing, hyperparameters, and seeds matched to the
random-split benchmark. RMSE in µs/ft; ratio is deep RMSE divided by the random-split mean.
Stochastic models: mean ± SD across five seeds; SVR and GAM: deterministic single runs.

Model Random R2 Deep R2 Deep RMSE (µs/ft) RMSE Ratio

MLP 0.9912 ± 0.0014 0.4258 ± 0.0227 19.18 ± 0.38 10.8×
XGBoost 0.9956 ± 0.0002 0.6776 ± 0.0269 14.36 ± 0.60 11.4×

LightGBM 0.9939 ± 0.0003 0.7438 ± 0.0031 12.81 ± 0.08 8.6×
KAN 0.9891 ± 0.0010 0.5624 ± 0.1660 16.48 ± 2.99 8.3×

KAN (wide grid) 0.9891 ± 0.0010 0.6381 ± 0.0336 15.21 ± 0.69 7.7×
SVR 0.9890 0.1361 23.53 11.8×

GAM 0.9851 0.5118 17.69 7.7×
Symbolic regression 0.9666 ± 0.0114 0.8513 ± 0.0925 9.39 ± 2.67 2.7×

With preprocessing, hyperparameters, and seeds matched across protocols, the dete-
rioration in Table 4 reflects the depth shift itself. The test changes depth and correlated
log distributions simultaneously and cannot isolate a single causal factor; the blocked
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cross-validation of Section 3.2, which varies the train–test distance more gradually, shows
the same ordering of failure modes.

Figure 5. Shallow-to-deep extrapolation. (a) R2 on the random split (open) versus the shallow-to-deep
partition (filled) with matched preprocessing and hyperparameters. (b) RMSE under depth shift in
the original DTS unit; the wide-grid KAN bounds the influence of spline boundary clipping.

3.4. Edge-Level Symbolic Surrogates

Many first-layer edges remain compressible into simple templates with high local R2

(Figure 6). The DTP edge was fitted by a sigmoid template for seed 42 (R2 = 0.988); a cubic
template for seed 123 (R2 = 0.966); a cubic template for seed 456 (R2 = 0.976). DTP and the
acoustic-impedance proxy appear among the five best-fitted edges in all three seeds, but
the remaining slots differ, and no feature–template pair recurs in all three seeds.

Figure 6. Best-fitting templates for selected first-layer edges entering the first KAN hidden node across
three seeds. Cell text gives the fitted template family and its local R2; grey cells mark features not
among the five best-fitted edges for that seed. Values describe local edge activations in standardized
coordinates, not a complete input-to-output mapping.

The high within-edge fit scores show that some learned spline shapes are compress-
ible into familiar mathematical forms; the changing template identity shows that this
compressibility is not a stable physical relation. Edge plots are therefore best used as

https://doi.org/10.3390/app162010250

https://doi.org/10.3390/app162010250


Appl. Sci. 2026, 16, 10250 11 of 14

hypothesis-generating diagnostics, with coefficients, coordinate transformations, edge
location, and cross-seed stability reported alongside.

4. Discussion
On the random split, KAN sits in the middle of a tightly packed field: the boosted

ensembles and the MLP score higher, SVR essentially matches it (R2 0.9890 versus 0.9891),
and the additive GAM follows closely. The narrow margin over the GAM is the most
instructive comparison, because both families learn univariate spline components—the
GAM sums them additively while KAN composes them across layers. On this dataset
the additional composition depth bought only a small error reduction, suggesting that
once the dominant DTP relationship is accounted for, the residual multivariate structure
of these logs is close to additive. An RMSE near 2 µs/ft is small relative to the 19.25 µs/ft
response standard deviation, so the interpolation performance of all competitive families is
practically equivalent; the choice among them should rest on secondary criteria—training
cost, inspectability, and extrapolation behavior—rather than on random-split accuracy.

The generalization results are the paper’s central finding, and the two designs agree.
Blocked cross-validation, which merely prevents neighboring depths from sharing the
training and test sides, raises mean per-fold RMSE to 6.8 µs/ft for KAN and 7.8 µs/ft for
the MLP, and the shallow-to-deep test raises KAN’s RMSE by a factor of 8 and the MLP’s
by 11. Model families differ systematically in how gracefully they fail: the compact global
symbolic expressions retain the highest mean shifted-domain accuracy, the boosted ensem-
bles are intermediate, and the dense and stacked-spline networks together with the kernel
SVR fare worst. A model selected on random-split accuracy alone would therefore ap-
pear far more deployment-ready than either shifted evaluation supports, which motivates
leave-one-well-out, rolling-origin, or lithology-blocked validation before operational use.

The symbolic audit adds a caution about interpretability. Many first-layer edges
compress into simple templates with high local R2, but the selected template identity
changes across seeds: DTP and the acoustic-impedance proxy are consistently the most
compressible inputs, yet no feature–template pair recurs in all three seeds and the DTP
edge switches template family between runs. This is local functional compressibility, not
discovery of a physical law. The analyzed functions are edges entering a hidden node
rather than the complete mapping from inputs to DTS; standardization alters apparent
shapes and coefficients; and multiple parameterizations can represent similar network
functions. Stable shapes observed across seeds, wells, and preprocessing choices could still
motivate geological hypotheses, but such hypotheses require validation in original units,
comparison with established rock-physics relationships, and testing on independent wells.
Figure 6 is only the first step of that process.

A related caution concerns physics-informed regularization. Physics-based penalties
are valuable when formulated in the correct physical space [27,28], but they fail in char-
acteristic ways when the constraint and the representation mismatch [29]. In this project,
exploratory penalties enforcing positivity, an empirical DTP–DTS relation, and an elastic
ratio were evaluated on standardized predictions and inputs, where zero represents the
training mean rather than zero physical slowness, and a ratio of standardized quantities
has no invariant rock-physics meaning; those experiments were therefore set aside. A
valid formulation must inverse-transform predictions and inputs before evaluating any
dimensional constraint, following the practice of physics-guided well-log and petrophysical
inversion studies [30–32], and must be tested on independent geological domains. The
lesson generalizes beyond KAN: physical meaning must survive preprocessing.

This study delivers point predictions only. An exploratory five-model ensemble
produced 46.3% empirical coverage for a nominal 95% interval, so no calibrated uncertainty
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is offered here; deployment of reconstructed sonic logs requires intervals that respond to
measurement noise and distribution shift, calibrated on independent data and evaluated
under blocked validation. Before operational use, a reconstructed DTS log should be
screened for out-of-domain inputs, plotted against depth, compared with rock-physics
constraints in original units, and flagged with a domain-of-applicability indicator.

Three limitations bound these conclusions. First, the public table appears to represent
a single depth-indexed sequence without well, field, lithology, or acquisition metadata, so
neither the blocked nor the depth-shift design can establish cross-well or cross-formation
generalization. Second, native units are missing for several predictors, which prevents
verification of dimensional physical constraints and qualifies the engineered acoustic-
impedance proxy. Third, the symbolic audit covers one first-layer node and three seeds
rather than the full network. Within these bounds the study is an auditable proof of concept
rather than a claim of field validity.

5. Conclusions
This study evaluated a KAN for shear-wave slowness prediction on a public well-log

table under a leakage-free protocol with seed replication, blocked depth cross-validation,
and a matched shallow-to-deep test. Within the table, KAN interpolates accurately and
stably, but boosted ensembles, the MLP, and SVR match or exceed it. Under both shifted
evaluations every family degrades severely—KAN’s depth-shift RMSE rises by a factor
of 8—and the extrapolative end folds collapse for all families, while compact symbolic
models retain the highest mean shifted-domain accuracy. Edge-level template fits compress
individual KAN edges well but are not stable across seeds, and no complete physical
equation is recovered.

The defensible conclusion is, therefore, conditional: KAN is a competitive interpolator
within this table and a hypothesis-generating source of edge-level diagnostics, but this
dataset does not establish predictive superiority, stable law discovery, or deployment
readiness. The paper’s central empirical statement is the separation between interpolation
accuracy and depth-generalization ability, which persists under leakage-free preprocessing,
seed replication, and controlled partitioning. A deployment-grade continuation requires
multiwell blocked validation, exact unit metadata, full-network interpretability analysis,
and calibrated uncertainty under distribution shift.
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