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ABSTRACT

Near-infrared (NIR) sorting systems in waste sorting plants operate under multiple settings, cre-
ating distinct input-output relationships that challenge predictive modeling. Conventional neural
networks, such as multilayer perceptron (MLP), often suffer from catastrophic forgetting under
continual training, limiting reliability across settings. This study evaluates Kolmogorov-Arnold Net-
works (KAN) for continual regression modeling of multi-setting NIR systems. KAN assign nonlinear
transformations to network edges using localized spline grids, enabling structural isolation be-
tween input regions. We introduce controlled input-space manipulations (shifting successive set-
tings to adjacent or non-overlapping grid regions) and compare KAN performance with MLPs of
comparable parameter count. We also examine single-input versus multi-input configurations to
assess dimensionality effects. Results show that KANs with sufficient input-space separation
maintain previously learned knowledge with perfect resistance to forgetting, whereas overlapping
inputs induce interference. MLP forgetting depends on learning rate and training duration and
cannot be fully avoided without additional methods. Single-input KANs achieve comparable accu-
racy to multi-input models in this system, suggesting limited benefit from additional inputs. These
findings demonstrate that KAN’s structural locality, combined with controlled input-space align-
ment, provides a practical and robust approach for continual learning in industrial NIR systems.
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INTRODUCTION

Near-infrared (NIR) sorting systems in waste sorting
plants operate under multiple parameter settings to ac-
commodate variations in material composition, through-
put, and product quality. These setting changes induce
distinct input-output relationships, making reliable output
prediction across operating conditions essential for dis-
turbance detection, quality monitoring, and advanced
control applications.

Classical models for waste sorting equipment typi-
cally rely on linear or split-factor formulations with a small
number of dominant inputs [1, 2]. While interpretable,
their limited expressiveness restricts their ability to cap-
ture nonlinear and setting-dependent behavior. Data-
driven models, including multilayer perceptron (MLP),
have demonstrated improved predictive accuracy by
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learning nonlinear relationships directly from data [3].

In industrial practice, however, data from different
operating settings often become available sequentially,
while historical data may be inaccessible or impractical to
reuse. Under such continual learning conditions, neural
networks such as MLP are prone to catastrophic forget-
ting [4], where training on new settings degrades perfor-
mance on previously learned ones [5]. This behavior lim-
its their reliability for long-term deployment in adaptive
industrial systems.

Kolmogorov-Arnold Networks (KAN) have recently
been proposed as an alternative neural architecture that
assigns nonlinear transformations to network edges ra-
ther than nodes. Owing to their localized, grid-based pa-
rameterization, KAN may reduce interference between
learned representations when trained sequentially. Initial
evidence from synthetic benchmarks suggests that KAN
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can better preserve previously learned functional com-
ponents under certain continual learning scenarios [6].
Whether these properties extend to real-world industrial
regression tasks remains an open question.

Motivated by these observations, this work investi-
gates continual regression modeling for multi-setting NIR
sorting systems using KAN. To explicitly examine the role
of input-space structure in catastrophic forgetting. In ad-
dition, the study evaluates whether KAN can maintain
predictive performance under reduced-input configura-
tions, reflecting practical constraints in industrial model-
ing.

The contributions of this paper are summarized by
the following research questions:

RQ1: How does input-space separation affect cata-
strophic forgetting in Kolmogorov-Arnold Net-

works under continual training?

RQ2: To what extent does KAN retain predictive perfor-
mance on previously learned settings compared to

MLP under identical sequential training protocols?

RQ3: Can KAN achieve comparable or superior predic-
tion accuracy using areduced set of input features

compared to multi-input configurations?

METHOD

Problem Definition and Data Description

A NIR sorting unit is an optical-based separation
system that exploits differences in infrared spectral ab-
sorption to distinguish between material types. During
operation, the NIR unit periodically measures the spectral
absorption, position, and surface area of materials trans-
ported on a conveyor belt. Based on the configured op-
erating setting, air jets located at the end of the belt are
actuated to divert materials into different output bins. As
a result, the NIR sorting unit also functions as a material
surface flow meter. Measurements from two subsequent
units provides inflow and outflow of upstream unit.

The modeling task considered in this work is to pre-
dict the outflow of the NIR unit for a given inflow under
different operating settings. Each flow stream consists of
11 material types. To limit scope and ensure clarity, this
study focuses on predicting the outflow of a single target
material, noting that the proposed methodology is di-
rectly extensible to other material fractions.

Inflow and outflow data were collected from the NIR
unit and downstream processing equipment in an Euro-
pean waste sorting plant over approximately ten days
equivalent of continuous operation. During this period,
the system operated under two distinct settings. Setting
A was active for the majority of the operating time, while
Setting B was active for approximately three days. Meas-
urements were recorded at a sampling interval of one mi-
nute, resulting in datasets of size 10, 187 and 3, 771 for
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Settings A (Dataset A) and B (Dataset B), respectively.
The box plot of each dataset is presented in Figure 1.
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Figure 1. Flow Distribution in Dataset A (Top) and Dataset
B (Bottom).

Continual Learning

To emulate a continual learning scenario, the model
is trained sequentially on data from different operating
settings. In the first phase (B), training is performed using
Dataset A. In the second phase (B), the model is further
trained on Dataset B without access to Dataset A. This
setup reflects practical industrial constraints, where his-
torical data may be unavailable when new operating con-
ditions are introduced.

For each setting, the available data are randomly
splitinto 70% for training, 15% for validation, and 15% for
hold-out testing. The validation set is used exclusively for
early stopping to mitigate overfitting with Patience of 20
steps and Max Steps of 500. Each training is repeated
over five independent runs with different random seeds
to account for stochastic variability in initialization and
training. Model performance is evaluated on the hold-out
test sets of all settings after each phase.

Prediction accuracy is quantified using coefficient of
determination (R?) for straightforward interpretation of
predictive performance and forgetting behavior.

Kolmogorov Arnold Network

Kolmogorov Arnold Networks are a class of neural
architectures inspired by the Kolmogorov-Arnold repre-
sentation theorem, which states that any continuous mul-
tivariate function can be expressed as a finite sum of uni-
variate functions composed with affine transformations.
In contrast to MLP, where nonlinearity is applied at the
nodes and edges are linear, KAN assign nonlinear trans-
formations to the edges while nodes perform simple
summation. See [6] for architectural illustrations.

Each edge in a KAN is parameterized by a learnable
univariate function, typically represented using spline-
based basis functions defined over a finite grid. These
spline functions are locally supported, meaning that
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parameter updates primarily affect specific regions of the
input space determined by the grid structure and spline
order k. As a result, changes induced by new training
data may remain confined to localized subsets of param-
eters.

This parameter locality contrasts with the globally
shared weights in MLP and provides a structural mecha-
nism by which KAN may reduce interference between se-
quentially learned tasks. In continual learning settings,
such locality suggests that learning new operating con-
ditions could have a limited impact on previously learned
input-output mappings, motivating the investigation of
KAN for multi-setting industrial regression problems.

Input-Space Manipulation Strategies

To leverage KAN’s grid-based parameter locality in
resisting catastrophic forgetting, this study introduces
deliberate input-space manipulation strategies. The ob-
jective is to control how data from different operating
settings occupy the input domain and, consequently,
how they align with the spline grids of the KAN model.
These manipulations are introduced solely as an experi-
mental mechanism inspired by synthetic continual learn-
ing benchmarks and are not assumed to arise naturally in
industrial NIR data.

Specifically, multiple input-shifting configurations
are examined. In all shifted cases, the input features of
Dataset B are translated by a fixed offset relative to Da-
taset A. Shifts of 2000, 4000, and 6000 mm?/h are eval-
uated for spline orders k=1 and k=2, corresponding to
different degrees of separation between the input re-
gions associated with successive training phases. A
baseline configuration with no input shift is also included
for reference.

For all configurations, the grid width is chosen such
that each dataset predominantly occupies a single grid
region (i.e., 2000 mm? per region). Grid knot positions are
fixed, while the grid range and number of knots vary ac-
cording to the applied input shift. This ensures that
changes in forgetting behavior can be attributed to con-
trolled input-space separation rather than adaptive grid
refinement.

By comparing these configurations, the study sys-
tematically evaluates how increasing degrees of input-
space separation affect catastrophic forgetting behavior
in KAN under continual training.

Experimental Design

Effect of Input-Space Separation in KAN

The combinations of input shift magnitude and
spline order k, together with their corresponding grid
configurations, are summarized in Table 1. Across all
cases, a consistent KAN architecture and training config-
uration is employed to isolate the effect of input-space
separation. Specifically, all models use a single-layer KAN
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with width of [11, 1], a zero base-function, and fixed
spline scaling and bias terms (i.e., spline scale and bias
are not trainable).

Table 1: Input Space Manipulation Cases and The Corre-
sponding KAN architecture.

Shift
(mm2/h) 0 2000 4000 6000
Case k=1 K1S0 K1S1 K1S2 K1S3
Case k=2 - K2S1 K2S2 K2S3
Grid 1 2 3 4
Max Grid 2000 4000 6000 8000

Syst Control Trans 5:1058-1063 (2026)

KAN vs MLP under Continual Training

To address RQ2, MLPs are trained under the same
continual learning protocol as KANs and evaluated for re-
sistance to catastrophic forgetting. Because MLPs do not
exhibit inherent parameter locality, multiple MLP models
are trained using different learning rates during the sec-
ond training phase (Lp,) to examine the effect of learning
rate on forgetting behavior and to identify the best
achievable performance under this constraint.

To ensure a fair comparison of model capacity, MLP
architectures with approximately matched numbers of
trainable parameters (np,z) are used. In particular, an MLP
with structure of [11, 4, 1] is evaluated and compared
against the KAN configuration exhibiting the strongest
forgetting resilience identified in RQ1 (denoted KAN-
K1S2). All MLPs are trained using the original input space,
as input shifting is not expected to induce parameter
modularity in standard MLP architectures.

Reduced-Input vs Multi-Input Configurations

To address RQ3, the predictive performance of
KANs under reduced input dimensionality is examined.
Two reduced-input KAN models, using a single dominant
input and spline orders k=1 and k=2 (denoted KAN-K1RI
and KAN-K2RI), are trained under the same continual
learning protocol. Their performance is compared against
the best-performing multi-input KAN models for the cor-
responding spline orders to assess whether comparable
accuracy and forgetting resilience can be achieved with
fewer input features.

Forgetting Metrics

Forgetting is quantified by measuring the change in
predictive performance on the initial operating setting af-
ter training on a new setting. Specifically, the coefficient
of determination R? on the test set of Dataset A is evalu-
ated before and after Phase 2 training. The difference
between these values is used as the primary metric.

Models exhibiting a strongly negative R? on Dataset
A after Phase 2 are classified as having undergone cata-
strophic forgetting and are labeled as “Forgetful”. Models
maintaining near-identical R? values before and after
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Table 2: Input Space Manipulation Results.

Case K1S0 K181 K1S2 K1S3 K2S1 K2S2 K2S3
Sp, 294 28+3 274 274 87x18 77+23 11050
Sp, 56+15 45+19 60222 64+26 68+8 66x20 50+18
R2 0.76 -2.99 0.93 0.93 -456.05 0.72 0.93
AP, +0.00 +0.10 +0.00 +0.00 +14.49 +0.06 +0.00
R2 0.96 0.96 0.96 0.96 0.97 0.97 0.97
B.P, +0.00 +0.00 +0.00 +0.00 +0.00 +0.00 +0.00
AR; ;2102 Forgetful Resilient Resilient Forgetful :_,(())%25 Resilient

Phase 2 are classified as “Resilient”.

RESULTS AND DISCUSSIONS

Effect of Input-Space Separation

Table 2 summarizes the results of the input-space
separation experiments. All configurations triggered early
stopping in both Phase 1 and Phase 2, indicating stable
convergence under the continual training protocol.
Across all cases, predictive performance on the newly
learned setting (Dataset B) remained high, with second-
phase coefficients of determination (R%p,) exceeding
96%. In contrast, performance retention on the previously
learned setting (Dataset A) varied substantially across
configurations.

Complete resilience to catastrophic forgetting is ob-
served in cases K152, K1S3, and K2S3, where the coeffi-
cient of determination on Dataset A remains unchanged
after Phase 2 training. In contrast, cases K1S1 and K2S1
exhibit complete forgetting, characterized by a severe
degradation in R} p,. The baseline cases K1S0 and K2S2
demonstrate partial resilience, retaining some predictive
capability on Dataset A but with a noticeable reduction in
performance.

These results indicate that catastrophic forgetting in
KANs is strongly governed by the degree of overlap be-
tween input regions learned in successive training
phases. When the input space of the new setting over-
laps with, or is insufficiently separated from, the previ-
ously learned region, parameter updates propagate to
shared spline basis functions, leading to interference and
forgetting. Conversely, shifting the input space by at
least k grid lengths from the boundary of the previously
occupied region consistently prevents forgetting.

This behavior can be explained by the local support
of spline basis functions in KAN. For a spline of order k,
each spline basis function spans k+1 adjacent grid inter-
vals. Consequently, basis functions located near grid
boundaries influence neighboring regions outside the im-
mediate input domain. If new training data falls within k
grid intervals of a previously learned region, shared spline
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coefficients are updated, inducing forgetting. Ensuring a
separation of at least k grid lengths guarantees that new
data activates a disjoint set of spline basis functions,
thereby preserving previously learned mappings.

These findings are consistent with observations re-
ported by [7] and [8], who showed that architectures with
localized or region-specific activations exhibit task-spe-
cific feature detectors. When the activation regions as-
sociated with different tasks do not overlap, earlier
knowledge remains intact; when overlap occurs, forget-
ting increases proportionally to the extent of shared ac-
tivation. In this context, KAN'’s spline-based edge func-
tions act as localized feature detectors whose spatial
separation directly governs forgetting behavior.

KAN vs MLP under Continual Training

Table 3 compares the forgetting behavior of MLPs
under varying second-phase learning rates with that of a
KAN model of comparable parameter count. For MLPs,
reducing the second-phase learning rate resulted in
smaller AR3 values, indicating slower forgetting; how-
ever, this was accompanied by a decline in second-
phase test performance on data B (R%ipz). Early stopping
was not triggered for any MLP configuration, implying
continued parameter updates throughout the second
training phase.

Despite learning-rate tuning, none of the MLP con-
figurations fully avoided catastrophic forgetting. Instead,
forgetting was mitigated only by slowing the optimization
process, confirming that forgetting in MLPs is governed
by optimization duration over shared parameters.

KAN achieved the highest R% », while maintaining a
comparable R} 5, to the best-performing MLP, with sub-
stantially lower result variability. This indicates that KAN'’s
improved forgetting resilience arises from its localized
spline-based representations rather than from optimiza-
tion hyperparameters.

It is acknowledged that several established tech-
niques such as regularization-based methods, replay
strategies, or parameter-isolation approaches can fur-
ther improve forgetting resilience in MLPs. However,
learning-rate control was deliberately selected here to
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isolate the effect of optimization dynamics alone, without
introducing additional mechanisms that explicitly modify
the network structure or training data. This ensures a fair
comparison focused on intrinsic architectural differences
between MLP and KAN.

Table 3: KAN vs MLP in Continual Learning Results.

Case K1S2 MLP1 MLP2 MLP3
Lp, 1 1x10-4 2x1075 1x10-8
Npar 44 53 53 53
Sp, 27+4 323+167 323167 323167
Sp, 6022 5000 500+0 5000
2 0.93 0.54 0.89 0.93
AP 40.00 +0.05 +0.02 +0.00
&2 0.96 0.95 0.92 0.90

BF: 40.00 +0.00 +0.01 +0.00
AR} Resilient ;ggi ;g%‘; Resilient

Input Dimensionality Analysis

Table 4 summarizes the input dimensionality analy-
sis. Across both k=1 and k=2, multi-input KAN models
consistently achieve slightly higher R2 values than their
single-input counterparts; however, the performance gap
remains marginal.

This indicates that interactions between multiple
material inputs contribute only weakly to predictive per-
formance in the studied setting. Single-input models with
k=2 exhibit a small but consistent improvement over k=1,
suggesting the presence of mild nonlinear correlations in
the input-output relationship.

Given the negligible accuracy gain from additional
inputs and higher model complexity, a single-input KAN
with k=1 emerges as the most effective configuration,
delivering comparable predictive accuracy with substan-
tially fewer trainable parameters and reduced model
complexity.

Table 4: Input Dimensionality Analysis Result.

Case K1S2 K2S3 K1RI K2RI
AiNpUT 11 11 1 1
Npar 44 66 4 6
Sp, 274 110+50 200 221
Sp, 60x22 50+18 267 22x2
R2 0.93 0.93 0.92 0.92
AP £0.00 +0.00 +0.00 +0.00
R2 0.96 0.97 0.96 0.97
PP £0.00 +0.00 +0.00 +0.00
AR} Resilient  Resilient  Resilient  Resilient

Practical Implications for Industrial Modeling

From a practical perspective, the proposed input-
space shifting strategy offers a simple yet effective
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mechanism for maintaining predictive accuracy across
multiple operating settings without requiring access to
historical data.

The results of this study suggest that, when using
KANs, deliberate alignment of new operating data to pre-
viously unused regions of the input space can substan-
tially mitigate catastrophic forgetting. This enables long-
term model reuse across settings using a single model
instance, reducing maintenance effort and simplifying
deployment. Moreover, the strategy is purely on data-
level and does not require architectural modification or
specialized continual learning algorithms, making it at-
tractive for industrial adoption.

Limitations

Several limitations of the proposed approach should
be acknowledged i.e.:

*= The input-space manipulation strategy operates
exclusively at the input level and explicitly exploits
the localized grid structure of shallow KAN. As
network depth increases, interactions between
layers may reduce the degree of effective
parameter locality, potentially diminishing the
strength of input-space separation.

= The strategy relies on deliberate and controlled
input transformations, which may not always align
with naturally occurring process variations. While
suitable for controlled modeling scenarios, its
applicability to systems with complex, high-
dimensional, or poorly bounded input spaces
requires further investigation.

=  Finally, the present study focuses on a single real-
world system and a limited number of operating
settings. While sufficient for mechanism validation,
broader conclusions regarding generalization
across domains should be drawn cautiously.

Future Work

The following are several directions for future re-
search emerge from this work:

= Extending the experimental setup to deep KAN
would allow assessment of forgetting resilience in
deep KAN.

= Evaluating the proposed mechanism on other
architectures that employ localized
representations, such as radial basis function
models, would help determine whether the
observed behavior is specific to KANs or reflects a
broader architectural principle.

Embedding shallow KAN as base layer of MLP and
applying input-space separation might enhance
the forgetting resilience of the resulting complex

1062



model.

= Combining input-space manipulation with
complementary continual learning techniques,
such as replay buffers or regularization-based
methods, may further enhance robustness while
maintaining feasibility.

CONCLUSION

Shifting input regions by at least k grid lengths pre-
vent catastrophic forgetting in KAN, while overlapping or
insufficiently separated regions cause interference in
spline coefficients. This demonstrates that KAN's local-
support spline functions can be systematically exploited
to retain prior knowledge in continual training.

KAN maintains high accuracy on both old and new
settings, whereas MLP forgetting depends on learning
rate and training duration and cannot be fully avoided
without additional techniques. This shows that KAN's
structural locality is key to its superior continual learning
performance.

Multi-input KAN models offer only marginal gains
over single-input models, indicating minimal effect from
multi-material interactions. Single-input KAN with k=1
achieves comparable accuracy with fewer parameters,
making it the most efficient choice for practical deploy-
ment.

Together, the results demonstrate that Kolmogo-
rov-Arnold Networks provide an effective and robust
framework for continual learning in multi-setting NIR sys-
tems, highlighting its practical suitability for industrial de-
ployment where both adaptability and model reliability
are critical.
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