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Abstract Efforts to improve Kolmogorov–Arnold networks (KANs) with architectural enhancements have been stymied by the
complexity those enhancements bring, undermining the interpretability that makes KANs attractive in the first place. Here we
study overprovisioned architectures combined with sparsification to learn compact, interpretable KANs without sacrificing accuracy.
Crucially, we focus on differentiable sparsification, turning architecture search into an end-to-end optimization problem. Across
function approximation benchmarks, dynamical systems forecasting, and real-world prediction tasks, we demonstrate competitive
or superior accuracy while discovering substantially smaller models. Overprovisioning and sparsification are synergistic, with the
combination outperforming either alone. The result is a principled path toward models that are both more expressive and more
interpretable, addressing a key tension in scientific machine learning.

Keywords— differentiable sparsity, architecture search, symbolic regression, minimum description length, dynamical systems,
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1 Introduction
Deep learning has transformed scientific modeling [1, 2, 3], but its advances often work against interpretability [4, 5]. Skip
connections [6], DenseNet blocks [7], and deeper architectures improve accuracy by adding complexity. This is precisely what
makes models harder to understand. For scientific applications, where insight matters as much as prediction, the tension is
acute.

Sparsification offers a way out [8, 9, 10, 11]. Starting from an overprovisioned model, learn which components can be
removed without sacrificing (too much) accuracy. When sparsification is differentiable, structure and parameters can be learned
jointly [11, 12], avoiding the expense of traditional, discrete architecture search [13, 14].

Recently, Kolmogorov–Arnold networks (KANs) have shown a unique combination of predictive accuracy and interpretabil-
ity, making them useful for modeling scientific systems [15, 16]. Where standard networks learn weights, KANs learn activation
functions (Fig. 1)—a shift that makes individual components inspectable. But KANs face the same tradeoff as standard networks.
Overprovisioning improves expressiveness at the expense of interpretability. Again, sparsification is the way out.

In this paper, we show that KANs can be made more expressive without sacrificing interpretability, and often improving
it. We combine DenseNet-style forward connections with differentiable ℓ0 sparsification, allowing overprovisioned KANs to
be pruned during training to compact subnetworks. A minimum description length objective provides principled guidance for
the tradeoff between accuracy and complexity. Across symbolic benchmarks, dynamical systems modeling, and real-world
prediction tasks, the combination typically yields sparser models at comparable or better accuracy than either technique alone.

The rest of this paper is organized as follows. Section 2 provides background on Kolmogorov–Arnold networks, differentiable
ℓ0 sparsification, and DenseNet-style forward connections. Section 3 presents our approach: edge and node gating, the MDL-
based learning objective, and their combination with forward connections. Section 4 evaluates models with and without these
enhancements. We conclude with a discussion in Sec. 5.
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Figure 1: Learning the example function 𝑧 = sin
(
𝑥 + 𝑦2) with Kolmogorov–Arnold Networks (KANs). Forward connections are highlighted

in blue.

2 Background

2.1 Kolmogorov–Arnold Networks
Kolmogorov–Arnold Networks (KANs), motivated by the Kolmogorov–Arnold Representation Theorem [17, 18, 19], consist
of 𝐿 layers with shapes [𝑛0, 𝑛1, . . . , 𝑛𝐿]. The layer update is given by:

𝑥
(ℓ+1)
𝑗

=

𝑛ℓ∑︁
𝑖=1

𝜙ℓ𝑖 𝑗

(
𝑥
(ℓ )
𝑖

)
(1)

where 𝜙ℓ𝑖 𝑗 : R→ R is a learnable univariate activation function associated with the edge from neuron 𝑖 in layer ℓ to neuron 𝑗

in layer ℓ + 1. In matrix form, the layer update becomes x(ℓ+1) = Φℓ (x(ℓ ) ), where Φℓ is the functional matrix containing the
𝜙ℓ𝑖 𝑗 ’s connecting layers ℓ and ℓ + 1, and x(0) := x is the network input. Composing the layers yields the full network:

KAN(x) = (Φ𝐿−1 ◦Φ𝐿−2 ◦ · · · ◦Φ1 ◦Φ0) (x). (2)

Thus the KAN architecture consists of fully-connected layers of activation functions joined by summation nodes, and the
architecture is defined by the shape vector [𝑛0 = 𝑞, 𝑛1, . . . , 𝑛𝐿 = 𝑝], where 𝑞 and 𝑝 are the dimensions of the input and
output, respectively. While summation nodes are theoretically sufficient to represent any function including multiplication,
KAN 2.0 [16] introduces explicit multiplication nodes alongside summations that compute products of incoming activations,
yielding more compact networks for multiplicative functions.

Many parameterizations of 𝜙ℓ𝑖 𝑗 have been proposed (see, e.g., [20, 21, 22, 23, 24]); here we use the original B-spline
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formulation [15, 16], which combines a B-spline with a fixed, nonpolynomial base function 𝑏(𝑥), typically SiLU (𝑏(𝑥) = 𝑥𝜎(𝑥)):

𝜙(𝑥) = 𝑤𝑏𝑏(𝑥) + 𝑤𝑠
𝐺+𝐾∑︁
𝑚=1

𝑐𝑚𝐵𝑚 (𝑥), (3)

where 𝑤𝑏 and 𝑤𝑠 are learnable scale parameters, 𝑐𝑚 are learnable spline coefficients, and 𝐵𝑚 are B-spline basis functions of
order 𝐾 over 𝐺 grid intervals. The base function 𝑏(𝑥) ensures that (2) does not collapse to a high-order polynomial, which
would otherwise result from the polynomial B-splines alone.

When KANs were introduced, regularizations of various forms were proposed, mostly to prevent overfitting of the spline
terms [15, 16]. Liu et al. also introduced pruning of the network as a sparsification technique [15, 16]. However, this approach
pruned activation functions after training, in a post-hoc optimization step. In contrast, in this work we apply a differentiable
sparsification process that learns both the KAN parameters and the sparsity (via gating terms) jointly, during training.

2.2 Differentiable ℓ0 regularization
A classic approach to sparsifying an overprovisioned model is to use the ℓ1-norm as a proxy for the ℓ0-norm, as was famously
pioneered by LASSO [25]. However, LASSO achieves sparse selection through the closed-form proximal update to the soft-
thresholding operator, but in the context of a gradient-based optimization algorithm, ℓ1 regularization alone would encourage
small parameter values, not values of zero.

Louizos et al. [11] introduce a continuous relaxation of an ℓ0 regularization term, which encourages sparsity in neural
network weights (or any predictive model parameters). Their approach possesses two crucial properties: (1) it is differentiable
and allows for end-to-end learning, and (2) it encourages true sparsity by setting parameters to exactly zero.

Consider training a predictive model y = 𝑓 (x; 𝜽), where y ∈ R𝑛×𝑝 is the target, x ∈ R𝑛×𝑞 is the input, and 𝜽 are the model
parameters. Such a model can be trained by learning the 𝜽 that minimizes a loss function regularized by an ℓ0 penalty that
sparsifies 𝜽:

L(𝜽) = 1
𝑛

𝑛∑︁
𝑖=1
Ldata

(
𝑓 (x𝑖; 𝜽), y𝑖

)
+ 𝛽∥𝜽 ∥0, ∥𝜽 ∥0 =

|𝜽 |∑︁
𝑗

I[𝜃 𝑗 ≠ 0] . (4)

Now, use a binary gate 𝑧 𝑗 ∈ {0, 1} to reparameterize each 𝜃 𝑗 ← 𝜃 𝑗 𝑧 𝑗 (𝜽 ← 𝜽 ⊙ z) such that ∥𝜽 ∥0 =
∑
𝑗 𝑧 𝑗 , where ⊙ denotes

elementwise multiplication. We can then learn the 𝜽, z that minimizes the loss. Unfortunately, introducing binary gates
discretizes the parameter space and makes the problem non-differentiable.

To make this sparse learning problem differentiable, Louizos et al. introduce a continuous relaxation of z that is then clamped
to [0, 1]. Specifically, for each gate 𝑗 , introduce a learnable parameter 𝛼 𝑗 ∈ R and define a stochastic binary variable:

𝑠 𝑗 = 𝜎

( log 𝑢 − log(1 − 𝑢) + 𝛼 𝑗
𝜏

)
, 𝑢 ∼ Uniform(0, 1), (5)

where 𝜎(·) is the sigmoid function and 𝜏 is a temperature hyperparameter. Next, stretch and clamp 𝑠 𝑗 :

𝑠 𝑗 = 𝑠 𝑗 (𝜁 − 𝛾) + 𝛾, (6)

𝑧 𝑗 = min(1,max(0, 𝑠 𝑗 )). (7)

To train the model with a gradient-based method such as Adam [26], use the reparameterization trick to differentiably sample
{𝑧 𝑗 } and compute gradient updates to {𝛼 𝑗 }. For the regularization term, the number of open gates, the probability that 𝑗 is open
has a closed form [11],

E[𝑧 𝑗 ] = 𝜎
(
𝛼 𝑗 − 𝜏 log

−𝛾
𝜁

)
, (8)

and the complexity loss L𝐶 :=
∑
𝑗 E[𝑧 𝑗 ] becomes our proxy for ∥𝜽 ∥0 in L(𝜽). Finally, at inference, use the following estimator

for the trained parameters 𝜽∗:

𝑧 𝑗 = min
(
1,max

(
0, 𝜎(𝛼 𝑗 ) (𝜁 − 𝛾) + 𝛾

) )
, 𝜽∗ ← 𝜽∗ ⊙ ẑ. (9)

This form of differentiable sparsity has been successfully applied to neural network architectures across areas [11, 27].
It has also been used to optimize Equation Learner Networks (EQLs) [28, 29], a fixed-activation function approach to using
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deep learning for symbolic regression [30, 31]. However, it has also been remarked that this approach can exhibit problematic
variance, particularly in large networks, and that its hyperparameters can be difficult to tune [27, 32].

2.3 DenseNet Forward Connections
Huang et al. [7] introduce dense blocks, where each layer in the block is connected to every subsequent layer in that block.
These forward connections (FCs) allow inputs and learned features to be accessible to later layers, operating in a manner similar
to ResNet-style skip connections [6] but accumulating across layers. They also provide deep supervision, allowing training
gradients to flow directly from later layers to earlier ones. Similar to our work here, forward connections have been used
successfully for other forms of neural network-based symbolic regression [31]. When combined with sparsification, FCs can
be used for architecture search, as earlier features and inputs are transported directly to the output layer, bypassing the trunk,
effectively regulating the depth of the network.

With FCs, the KAN layer update, Eq. (1), becomes

x(ℓ+1) = Φℓ

( [
x(0) , x(1) , . . . , x(ℓ )

] )
, (10)

where the input to layer ℓ is the concatenation of the network input along with all previous layer outputs. The cumulative nature
of FCs can result in a potentially large number of activation functions. With so many activation functions, the KAN becomes
more difficult to train but more importantly, more difficult to interpret. This motivates the need for a sparsification mechanism
(Sec. 2.2) that can prune unnecessary connections while retaining the benefits of FCs.

3 Optimizing KAN architectures
To optimize the architecture of a KAN, we introduce an overprovisioned architecture (Sec. 2.3) along with a sparsification
mechanism (Sec. 2.2). A principled loss function based on minimum description length allows for optimization.

To overprovision the architecture, we add forward connections (FCs) between all layers including the inputs. FCs provide
deep supervision where gradients can flow directly to earlier layers and they provide the network with more flexibility to learn
complex functions and complex compositions of functions. However, this flexibility increases, potentially greatly, the number
of activation functions in the KAN. To address this, we introduce gating terms that allow the network to sparsify. In terms of
architecture search, because FCs allow for inputs and early features to be accessible to the final output, we can also consider
them a form of depth selection: if a learned network sparsifies out most of the trunk in favor of the final FCs, this is equivalent
to a network compression that eliminates extraneous layers.

We consider two types of gates, gates on activation functions/edges (egates) and gates on units/nodes (ngates). The latter
allows for a group sparsity, although it is a special case of the former. Specifically, for each activation function (edge)
𝜙ℓ𝑖 𝑗 (𝑥) ← 𝜙ℓ𝑖 𝑗 (𝑥)𝑧ℓ𝑖 𝑗 , where egate 𝑧ℓ𝑖 𝑗 ∈ {0, 1} is relaxed and learned as described in Sec. 2.2. Likewise, each summation
unit (node) can be gated with a corresponding ngate, yielding the new layer update terms:

𝑥
(ℓ+1)
𝑗

= 𝑧ℓ+1, 𝑗

𝑛ℓ∑︁
𝑖=1

𝑧ℓ𝑖 𝑗𝜙ℓ𝑖 𝑗

(
𝑥
(ℓ )
𝑖

)
, (11)

where 𝑧ℓ+1, 𝑗 is the ngate on unit 𝑗 in layer ℓ + 11. (We distinguish between egates and ngates using the number of indices.)
Multiplication units are gated in the same way. In matrix form, this becomes x(ℓ+1) = z(𝑛)

ℓ+1 ⊙
(
Φℓ ⊙ Z(𝑒)

ℓ

)
(x(ℓ ) ), with z(𝑛)

collecting the ngates and Z(𝑒) the egates. We see that ngates provide structured or group sparsity [33, 34], which may be
beneficial for KANs.

To learn KANs that are both accurate and sparse (parsimonious), following Bagrow and Bongard [35], we use the minimum
description length and seek models that minimize the total number of bits required to encode the model and the data given the
model:

LMDL = Lmodel + Lmodel |data. (12)

For data loss, we take the MSE, Lmodel |data
(
𝑓 (x𝑖; 𝜽), y𝑖

)
= (1/𝑛)∑𝑛

𝑖=1 ∥ 𝑓 (x𝑖; 𝜽) − y𝑖 ∥2, which, assuming normally distributed
iid errors, is proportional to the negative log-likelihood of the data given the model. And for model description length, making

1In theory we could include gates on inputs and implement variable selection; we save this for future work.
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a BIC-style approximation [36], we have

Lmodel =
log 𝑛
𝑛
∥𝜽 ∥0, (13)

with the ∥𝜽 ∥0 term capturing model complexity based on the number of open gates:

∥𝜽 ∥0 ≈
𝐿−1∑︁
ℓ=0

∑︁
𝑗

E[𝑧ℓ+1, 𝑗 ]
(
𝑐ℓ+1, 𝑗 +

∑︁
𝑖

E[𝑧ℓ𝑖 𝑗 ] 𝑐ℓ𝑖 𝑗

)
(14)

where the {E[𝑧]} are given by Eq. (8) and we take 𝑧𝐿 𝑗 = 1 (no ngates on outputs). Equation (14) introduces optional complexity
costs: 𝑐ℓ 𝑗 is the complexity cost for node 𝑗 in layer ℓ, and 𝑐ℓ𝑖 𝑗 is the complexity cost for the edge from node 𝑖 to node 𝑗 in layer
ℓ. For simplicity, in this work we fix 𝑐 = 1 for all nodes and edges, but it may be useful to use {𝑐} to weight different parts of
the model with different complexities accordingly.

Taken together, our training objective is

L =
1
𝑛

𝑛∑︁
𝑖=1
∥ 𝑓 (x𝑖; 𝜽) − y𝑖 ∥2 + 𝛽

log 𝑛
𝑛
∥𝜽 ∥0, (15)

where ∥𝜽 ∥0 is given by Eq. (14). For training, we differentiably sample {𝑧ℓ𝑖 𝑗 } ∪ {𝑧ℓ 𝑗 } and proceed per Sec. 2.2. At inference,
following Bagrow and Bongard [35], we deterministically threshold gates 𝑧 = I[E[𝑧] > 1/2]. This differs from Louizos
et al. [11] in that the original estimator (Eq. (9)) could still produce values 0 < 𝑧 < 1 if the corresponding logit has not converged
to a value sufficiently large in magnitude, something that for our purposes we wish to avoid.

We discuss further setup and training details in Methods (Sec. A).

4 Results
To study the effects of gate sparsity and forward connections, we adopt a 2x2 grid experiment, comparing KANs with and
without forward connections and with and without gate sparsity. We refer to these four conditions as Baseline, FC Only, Gate
Only, and Full. For simplicity, here we consider edge gates (egates) only, noting that node gates (ngates) are a special case
of egates and thus edge-level sparsity is the more general mechanism. We leave ngates to future work. For specific details of
architectures, other hyperparameters, and training, see Methods (Sec. A).

4.1 Function approximation
We began with an example function, 𝑧 = sin

(
𝑥 + 𝑦2) , shown in Fig. 1. While simple, this function tests for composition, as

the network must learn to compose sin and (·)2. The non-gated conditions (Baseline and FC Only) fit the function well, not
surprising given the performance characteristics of KANs. However, the number of activation functions leads to a pathological
decomposition across activations functions; the KANs lack symbolic fidelity [35]. The gated conditions (Gate Only and Full),
however, fit the function as well or better, while also yielding activation functions that clearly resemble the underlying expression.

Next, Table 1 shows results on the first ten problems (8 univariate, 2 bivariate) of the Nguyen symbolic regression
benchmark [37]. For each problem we generate 1024 training and 256 testing points. We intentionally over-provisioned the
KANs with the goal of determining how well we can find smaller, more interpretable subnetworks and whether doing so incurs
a performance penalty. In all cases, KANs found highly accurate networks, with test 𝑅2 ≈ 1. The gated conditions were able
to find smaller networks for all problems, with effectively no loss in accuracy. Unlike the results shown in Fig. 1, here we see
that FCs were used in all cases of the Full condition. FCs were often, for the simpler problems, the only retained activation
functions.

4.2 Forecasting dynamical systems
KANs have shown success modeling dynamical systems [38, 39, 40] so we conducted our 2x2 experiment on two exemplar
dynamical systems. The first is the Ikeda map [41, 42]:

𝑥𝑛+1 = 1 + 𝜇 (𝑥𝑛 cos (𝜙𝑛) − 𝑦𝑛 sin (𝜙𝑛)) ,
𝑦𝑛+1 = 𝜇 (𝑥𝑛 sin(𝜙𝑛) + 𝑦𝑛 cos(𝜙𝑛)) ,

(16)
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Table 1: Fitting overprovisioned KANs to the Nguyen benchmark. We report test 𝑅2 and active functions (trunk+FC). Architecture:
[𝑛, 5, 5, 5, 1] (no multiplication units).

Baseline FC Only Gates Only Full (FC + Gates)

𝛽=0.01 𝛽=0.1 𝛽=0.01 𝛽=0.1

ID Expression Domain 𝑅2 #Act 𝑅2 #Act 𝑅2 #Act 𝑅2 #Act 𝑅2 #Act 𝑅2 #Act

F1 𝑥3 + 𝑥2 + 𝑥 [−1, 1] 1.0000 60+0 1.0000 60+46 0.9984 22+0 0.9990 12+0 1.0000 0+1 1.0000 0+1
F2 𝑥4 + 𝑥3 + 𝑥2 + 𝑥 [−1, 1] 1.0000 60+0 1.0000 60+46 1.0000 19+0 1.0000 12+0 1.0000 2+1 1.0000 0+1
F3 𝑥5 + 𝑥4 + 𝑥3 + 𝑥2 + 𝑥 [−1, 1] 1.0000 60+0 1.0000 60+46 1.0000 28+0 0.9998 12+0 0.9999 1+1 1.0000 0+1
F4 𝑥6 + 𝑥5 + 𝑥4 + 𝑥3 + 𝑥2 + 𝑥 [−1, 1] 1.0000 60+0 1.0000 60+46 0.9998 29+0 0.9996 12+0 0.9999 1+1 1.0000 0+1
F5 sin(𝑥2) cos(𝑥) − 1 [−1, 1] 1.0000 60+0 1.0000 60+46 0.9942 13+0 0.0033 4+0 0.9921 0+11 0.9999 0+1
F6 sin(𝑥) + sin(𝑥 + 𝑥2) [−1, 1] 1.0000 60+0 1.0000 60+46 0.9999 16+0 0.9999 8+0 1.0000 0+1 1.0000 0+1
F7 log(𝑥 + 1) + log(𝑥2 + 1) [0, 2] 1.0000 60+0 1.0000 60+46 1.0000 19+0 0.9995 8+0 1.0000 0+11 1.0000 0+1
F8
√
𝑥 [0, 4] 1.0000 60+0 1.0000 60+46 0.9997 17+0 0.9978 6+0 0.9987 1+11 0.9999 0+1

F9 sin(𝑥) + sin(𝑦2) [−1, 1]2 1.0000 65+0 1.0000 65+57 0.9996 19+0 0.9999 5+0 1.0000 0+2 1.0000 0+2
F10 2 sin(𝑥) cos(𝑦) [−𝜋, 𝜋]2 0.9990 65+0 1.0000 65+57 0.9998 40+0 0.9966 18+0 0.9998 3+6 0.9997 2+3

where 𝜙𝑛 = 0.4 − 6
(
1 + 𝑥2

𝑛 + 𝑦2
𝑛

)−1 and bifurcation parameter 𝜇 = 0.9. KANs are well-suited to modeling the Ikeda map due
to its compositional nature whereas sparse regression methods such as SINDy [10] struggle [39].

The second system is a continuous-time three-species ecosystem:

𝑑𝑁

𝑑𝑡
= 𝑁

(
1 − 𝑁

𝐾

)
− 𝑥𝑝𝑦𝑝

𝑁𝑃

𝑁 + 𝑁0
,

𝑑𝑃

𝑑𝑡
= 𝑥𝑝𝑃

(
𝑦𝑝

𝑁

𝑁 + 𝑁0
− 1

)
− 𝑥𝑞𝑦𝑞

𝑃𝑄

𝑃 + 𝑃0
,

𝑑𝑄

𝑑𝑡
= 𝑥𝑞𝑄

(
𝑦𝑞

𝑃

𝑃 + 𝑃0
− 1

)
,

(17)

where 𝑁 , 𝑃, and𝑄 denote the populations of primary producers, herbivores, and carnivores, respectively, with carrying capacity
𝐾 acting as the bifurcation parameter. Following [43], we use 𝐾 = 0.98, 𝑥𝑝 = 0.4, 𝑦𝑝 = 2.009, 𝑥𝑞 = 0.08, 𝑦𝑞 = 2.876,
𝑁0 = 0.16129, and 𝑃0 = 0.5, which produces chaotic dynamics.

Data for both systems were generated and partitioned into training and testing sets following Panahi et al. [39]. We used
architectures of [2, 4, 4, 4, 2] for the Ikeda map and [3, 3, 3, 3] for the ecosystem, consistent with prior work [40, 35].

Table 2 reports the one-step prediction (test) 𝑅2, one-step and multi-step (closed-loop) prediction RMSE, the number of
active functions (open egates), and the sparsity. For both systems, most conditions achieve accurate one-step prediction (𝑅2 ≈ 1).
The ungated conditions achieved higher 1-step accuracy than the gated conditions, but at the cost of far greater complexity.
Interestingly, for the Ikeda map, gated conditions achieved higher multi-step accuracy than the baseline at most values of 𝛽.
However, the FC-only condition achieved the highest multi-step accuracy, but again at the cost of complexity: the Full condition
with 𝛽 = 0.1 reduced the network size to only 19% the number of functions, while incurring a rise in MS RMSE of 2.3%, a
reasonable tradeoff to make in the name of interpretability.

In comparison to Ikeda, KANs applied to the Ecosystem model benefited less from gating. The degree of sparsification was
stronger, but often at a greater cost of accuracy. For the shorter training run, the ungated conditions performed best for both
1-step and multi-step prediction, and examining phase plots showed that the networks failed to capture the underlying attractor
dynamics. Only if we extended the training run by 50% did we observe gated conditions that captured the underlying dynamics.
While the best closed-loop model for the ecosystem was a gated condition (Gates only (15k) at 𝛽 = 0.0 achieved MS RMSE =
0.087), it did so with effectively no sparsification. This combined with the very similar performance between Baseline and FC
only and we cannot conclude that either gating or FCs provided a meaningful benefit for this system.

Turning from prediction accuracy to sparsity, we observe that in the sparsest Full configurations, forward connections
dominate: at 𝛽 = 0.1 on the Ecosystem, all three retained edges are FCs (Trunk = 0, FC = 3), indicating the network has learned
to bypass intermediate layers entirely. Additionally, consistent with prior findings [35], both systems exhibited self-sparsification,
where gates close even without explicit regularization (𝛽 = 0). This effect was more pronounced for the Ecosystem, with Full
at 𝛽 = 0 retaining 50% or fewer edges.
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Table 2: Test performance on dynamical systems. Architectures: [2, 4, 4, 4, 2] (Ikeda map), [3, 3, 3, 3] (Ecosystem). MS: Multi-step.

RMSE Active Sparsity

System Condition (Epochs) 𝛽 𝑅2 1-step MS Trunk FC (%)

Ikeda Map Baseline (4k) – 1.0000 0.0009 0.886 48 – 100
FC Only (4k) – 1.0000 0.0007 0.852 48 52 100
Gates Only (4k) 0 1.0000 0.0047 0.868 46 – 95.8

0.01 1.0000 0.0044 0.879 44 – 91.7
0.10 1.0000 0.0089 0.862 34 – 70.8

Full (FC+Gates) (4k) 0 1.0000 0.0020 0.867 44 48 92.0
0.01 1.0000 0.0031 0.893 10 14 24.0
0.10 1.0000 0.0042 0.872 8 11 19.0

Ecosystem Baseline (10k) – 1.0000 0.0003 0.104 27 – 100
FC Only (10k) – 1.0000 0.0002 0.094 27 27 100
Gates Only (10k) 0 1.0000 0.0025 0.164 26 – 96.3

0.01 0.9964 0.0153 0.203 16 – 59.3
0.10 0.8796 0.0781 0.197 9 – 33.3

Full (FC+Gates) (10k) 0 1.0000 0.0011 0.145 9 18 50.0
0.01 0.9996 0.0037 0.213 2 9 20.4
0.10 0.9980 0.0110 0.207 0 3 5.6

Baseline (15k) – 1.0000 0.0004 0.162 27 – 100
FC Only (15k) – 1.0000 0.0001 0.160 27 27 100
Gates Only (15k) 0 1.0000 0.0009 0.087 26 – 96.3

0.01 0.9967 0.0146 0.198 16 – 59.3
0.10 0.8794 0.0781 0.196 9 – 33.3

Full (FC+Gates) (15k) 0 1.0000 0.0011 0.138 7 18 46.3
0.01 0.9996 0.0037 0.224 2 9 20.4
0.10 0.9980 0.0111 0.161 0 3 5.6

4.3 Real-world data
Lastly, we applied our 2x2 experiments to two real-world datasets:

Compressive strength of concrete The task is to predict compressive strength (in MPa) of concrete from sample properties.
The dataset comprises 1030 samples with eight features: cement, blast furnace slag, fly ash, water, superplasticizer,
coarse aggregate, fine aggregate (all measured in kg/m3), and age in days. Since compressive strength is known to depend
on the water-to-cement ratio [44], we included this as a derived feature. We also included total binder (cement plus
slag and fly ash), total aggregate (coarse plus fine), and the water-to-binder ratio, which extends the water-to-cement
relationship to account for supplementary cementitious materials. Because strength gain follows an approximately
logarithmic relationship with curing time [44], we additionally include log(age + 1) and sqrt(age) as transformed age
variables. An 80/20 train/test split was used for modeling. Data were collected by Yeh [45, 46].

Critical temperature of superconductors The task is to predict the critical temperature 𝑇𝑐 (in K) of superconductors from
their material properties. The original dataset contains numerous features and derived statistics; following prior KAN
modeling [40], we focus on five representative features that capture composition, electronic structure, and bonding:
number of elements, weighted mean valence, valence entropy, weighted mean first ionization energy, and mean electron
affinity. We drew 1000 samples each for training and testing, from Japan’s National Institute for Materials Science
superconductor database [47, 48].

As shown in Table 3, gates and FCs improved predictive accuracy while also reducing KAN size for both datasets. For
Concrete strength, Full at 𝛽 = 0.01 achieved a 15.6% reduction in test RMSE compared to Baseline (4.25 MPa compared
to 5.04 MPa) while using only 64 activation functions versus Baseline’s 351. Likewise, for Superconductor, the Full model
at 𝛽 = 0.1 reduced RMSE by 8% versus Baseline (17.83 K compared to 19.38 K) with 22 activation functions compared to
Baseline’s 80 activation functions. FC only worsened performance for both datasets, while Gates only improved performance
and reduced KAN size, but not to the extent of Full. We note that both datasets were also sensitive to the choice of 𝛽; for
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Table 3: Gates and FCs improved predictive accuracy and reduced KAN size. Architectures: [13, 13, 13, 1] (Concrete), [5, 5, 5, 5, 1]
(Superconductor).

Test Active Sparsity

Dataset Condition 𝛽 𝑅2 RMSE Trunk FC (%)

Concrete strength Baseline – 0.9015 5.04 MPa 351 – 100
FC Only – 0.8951 5.20 MPa 351 195 100
Gates Only 0.01 0.9122 4.76 MPa 73 – 20.8

0.1 0.8127 6.96 MPa 18 – 5.1
Full (FC + Gates) 0.01 0.9302 4.25 MPa 49 15 11.7

0.1 0.8214 6.79 MPa 0 7 1.3

Superconductor Baseline – 0.6811 19.38 K 80 – 100
FC Only – 0.5784 22.28 K 80 90 100
Gates Only 0.01 0.6719 19.66 K 63 – 78.8

0.1 0.6864 19.22 K 14 – 17.5
Full (FC + Gates) 0.01 0.6359 20.71 K 55 14 40.6

0.1 0.7301 17.83 K 17 5 12.9

Concrete a smaller value was necessary than for Superconductor, and suboptimal 𝛽 harmed model performance for both gated
conditions. In practice, then, it is likely necessary to tune 𝛽 using a validation set. This is expected and standard practice in
machine learning, and should be considered a small price to pay for such improvements.

5 Discussion
We investigated how KANs can be made more expressive without losing interpretability through the combination of DenseNet-
style forward connections and differentiable ℓ0 sparsification. Forward connections alone increased capacity but also complexity;
gating alone reduced size but the combination condition (Full) achieved the best tradeoff, greater sparsity at comparable or
superior accuracy. The synergy arises because FCs provide alternative pathways that allow aggressive pruning of the trunk: for
simpler problems, such as Nguyen, FCs dominate entirely (Table 1). Yet complex tasks still required participation of the trunk,
signaling that the sparsification process can judiciously retain important pathways in both the trunk and FCs. Of course, complex
tasks also required tuning 𝛽. The optimal 𝛽 varied across tasks and should be tuned via validation—a standard hyperparameter
search representing a small price for interpretability gains. Lastly, as noted by Bagrow and Bongard [35], we also observed
self-sparsification, at 𝛽 = 0, suggesting implicit regularization benefits from the gating mechanism itself.

We note some limitations of our study. Edge-level gating (egates) is the more general mechanism, but node-level gating
(ngates) may offer benefits for structured or group sparsity that we did not fully explore here. For some systems (e.g., Ecosystem),
achieving both high sparsity and accurate multi-step prediction remained challenging, suggesting limits to how far models can
be compressed for complex dynamics. The differentiable ℓ0 approach can exhibit hyperparameter sensitivity and variance issues
that may destabilize training [27, 32]. Whether these played a role in the Ecosystem results remains open for investigation.
Future work could also explore mitigation strategies or other improvements to differentiable sparsification.

Beyond improvements to differentiable sparsification, our results suggest several directions for future work. As noted in
Sec. 3, gating inputs could allow KANs to do variable selection, letting them scale better to problems with large numbers of
predictors. Combining edge gates, node gates, and multi-exit architectures [40] would enable simultaneous optimization of
width, depth, and connectivity, giving a more complete form of architecture search. Likewise, it may be worth comparing to
different gating mechanisms, such as categorical gates [49, 50]. Complexity weights in the MDL objective (the 𝑐ℓ𝑖 𝑗 terms)
could be tuned to reflect computational cost or preferences for certain structures. Finally, work on better “symbolifying” KAN
activation functions [35] could naturally combine with these architectures, allowing for more reliable discovery of symbolic
expressions, particularly with complex compositions.

We have shown that overprovisioning KANs with forward connections, combined with differentiable sparsification guided
by MDL, produces compact architectures without sacrificing predictive performance. Overprovisioning and sparsification were
synergistic, with the combination typically outperforming either component alone. Differentiable sparsification transforms
architecture search from a discrete hyperparameter choice into a learnable component of training, requiring only standard
gradient-based optimization. More broadly, these results offer a principled mechanism to effectively incorporate future ad-
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vancements in deep learning into the interpretable domain of scientific machine learning.

A Methods
KAN networks were implemented in PyTorch v2.8.0. Splines used 𝐺 = 10 grid intervals and degree 𝐾 = 3 for all experiments;
grid refinement was not used. Spline grids and coefficients were initialized as described in Liu et al. [15]. Unless otherwise
noted, spline grids were updated 10 times during the first 50 epochs.

For the differentiable gates, we used temperature 𝜏 = 2/3 and stretch parameters 𝛾 = −0.1, 𝜁 = 1.1 throughout. Unless
otherwise noted, gates were initialized with 𝛼𝑖 = −1. For baseline conditions (Baseline and FC only), all gates were fixed open
with 𝛼 𝑗 = 20, and 𝛼 𝑗 gradients disabled, and 𝛽 = 0.

Training used Adam [26] with default parameters and a constant learning rate of 10−3 for both coefficients and gates. Unless
otherwise noted, models were trained with a batch size of 128 and a warm-up period of 200 epochs with 𝛽 = 0. Forward
connections, if present, were warmed up for 100 epochs after the warm-up period of the trunk. Early stopping, if used, terminated
training when gate decisiveness [35] exceeded 0.99, with patience min(500, 0.05 × # epochs).

Code will be made available upon publication.
Function approximation (Sec. 4.1, Table 1)— We generated 1024 training and 256 test points on 𝑥, 𝑦 ∈ [−2, 2], with target

𝑧 = sin(𝑥 + 𝑦2). Models used architecture [2, 2, 1] and trained for 3000 epochs with batch size 64 and 𝛽 = 0.2. warm-up and
early stopping were not used. For the Nguyen benchmark, we evaluated the first 10 Nguyen problems [37], generating 1024
training and 256 test points per problem. Models were trained for 10k epochs.

Dynamical systems (Sec. 4.2, Table 2)— For models of both systems, gates were initialized with 𝛼 𝑗 = −2, and spline grid
updates and early stopping were not used. For the Ikeda map, we used architecture [2, 4, 4, 4, 2]. For the ecosystem, we used
architecture [3, 3, 3, 3]. Models for Ikeda map were trained 4k epochs; for the ecosystem, models were trained for 10k and 15k
epochs. The data generating process and parameter values are given in Sec. 4.2 and follow Panahi et al. [39].

Real-world data (Sec. 4.3, Table 3)— For concrete compressive strength prediction task, we used the UCI concrete
dataset [45, 46] with 8 raw features augmented by 5 derived features (water-cement ratio, water-binder ratio, total binder, total
aggregate, log age), for 13 total. We used an 80/20 train-test split and a [13, 13, 13, 1] KAN architecture. For superconductor
critical temperature prediction, we used 5 features from the UCI superconductor dataset [47, 48]: number of elements, weighted
mean valence, weighted mean first ionization energy, mean electron affinity, and valence entropy. We sampled 1000 training
and 1000 test points and used a [5, 5, 5, 5, 1] architecture. These architectures were deeper than those previously used [40] to
test sparsification of overprovisioned KANs. Models for both tasks were trained for 5000 epochs with batch size 64 and 500
warm-up epochs.
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