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Abstract— Studies on adopting Kolmogorov-Arnold Net-
works (KANs) for Continuous Reinforcement Learning (CRL)
remain limited, even though traditional neural networks often
struggle in CRL tasks. Our paper integrates a new KAN
variant, termed TruKAN, into the Robust Policy Optimiza-
tion (RPO) framework. TruKAN is distinguished by its knot
placement, knot broadcasting and layer normalization. Knot
locations can be either fixed or learned during training. Knot
broadcasting determines whether knot sequences are shared
across all output channels or maintained as separate, per-
channel sets. We propose the TruKAN-RPO framework by
integrating TruKAN into the actor and critic components of
RPO. We evaluate the performance of two TruKAN-RPO
models, TruKAN-RPO-Fixed and TruKAN-RPO-Learnable,
and compare them with KAN-RPO and SineKAN-RPO. We
train and test these different models using the "MuJoCo-MJX
Humanoid" environment under different settings.

Keywords: Kolmogorov-Arnold Networks (KAN),
TruKAN, SineKAN, Truncated Power Functions, Robust
Policy Optimization, MuJoCo-MJX Humanoid.

I. INTRODUCTION

Several challenges still exist in Reinforcement Learning
(RL) applications, such as poor interpretability, training
instability, decreased generalization capability, and model’s
sensitivity to noisy data. These issues are more pronounced in
continuous RL (CRL) because of the large and diverse state
and action spaces, which make training more difficult and
less stable. Multilayer perceptrons (MLPs), used in RL algo-
rithms, fail to effectively exploit the structural properties of
agents and CRL environments. KANs (Kolmogorov-Arnold
Networks) [11] are considered as an alternative to MLPs
in numerous domains, leading to improved interpretability
and accuracy. KANs, founded on the Kolmogorov-Arnold
representation theorem, approximates a highly-dimensional
function by splitting it into structured, simple functions.
KANs can formalize complex non-linear relationships while
maintaining high performance and increasing interpretability.
Despite the success of KANs, there is limited research on
their adoption for for CRL [1], [2] and [3]. Our research
incorporates a new KAN variant called TruKAN [4] into
both the actor and critic components of the on-policy method
called Robust Policy Optimization (RPO). TruKAN enhances
KANs by substituting the original B-spline function with a
truncated power basis derived from the spline theory [5].
TruKAN is characterized by three main design choices as
part of internal computations: knot placement, knot broad-
casting and layer normalization. In TruKAN, knot locations
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can be fixed or learned during training. The broadcasting
strategy specifies if knot sequences are shared universally
among output channels or maintained as unique, per-channel
sets. Normalization plays a critical role in TruKAN models,
as it provides the primary mechanism for maintaining values
within a bounded range while preserving interpretability and
avoiding the introduction of additional nonlinearities.

TruKAN preserves the additive structure of KANs while
improving expressivity, thereby providing a robust frame-
work for function approximation. We evaluate our TruKAN-
RPO framework using the "MuJoCo-MJX Humanoid" robot,
a complex, bipedal humanoid figure with human-like kine-
matics. We use different settings of the robot: Stand, Walk
and Run. We compare two variants of TruKAN-RPO,
TruKAN-RPO-Fixed and TruKAN-RPO-Learnable, with two
other models, KAN-RPO and SineKAN-RPO. To this end,
we train all these models on the three configurations of
"MuJoCo-MJX Humanoid" robot using the JAX environ-
ment.

This paper is organized as follows. Section 2 summarizes
KAN architectures and RPO method. Section 3 provides re-
lated work on KAN variants. Section 4 summarizes TruKAN
features and then describes its integration with the RPO
framework. Section 5 explains the setup of our experiments,
such as the MuJoCo-MJX Humanoid, JAX environment
and training optimization. Section 6 evaluates TruKAN-
RPO framework under different KAN variants. Section 7
concludes our work.

II. BACKGROUND

A. KAN Architectures

KANs [10], [11] can learn and shape smoothly the ac-
tivation functions during training. The trainable activations
allow KANs to adjust dynamically to current data patterns.
KAN’s effectiveness makes it well-suited for scenarios where
interpretability and insights into the decision-making tasks
are essential. The Kolmogorov-Arnold representation theo-
rem (KART) indicates that a continuous multi-dimensional
function f (x) = f (x1, . . . , xn) can be represented as a sum
of one-dimensional functions applied to a linear combination
of inputs [11]:

f (x) =

2n+1∑
q=1

Φq

(
n∑

p=1

φq,p (xp)

)
Here, φq,p : [0, 1] → R are the inner one-dimensional
functions and Φq : R → R are the outer functions. These
functions are represented in KANs with learnable and smooth



components, like B-spline. A KAN layer consists of two
structural parts: 1) the midway layer with 2n + 1 nodes,
related to the inner functions φq,p, and 2) the output layer
that is the summation of the outer functions Φq . The KAN
activation values are specified recursively between layers as
shown below [11]:

xl+1,j =

l∑
i=1

x̂l,j,i =

nl∑
i=1

φl,j,i (xl,i)

l = 0, . . . , L− 1, i = 1, . . . , nl, j = 1, . . . , nl+1

Here, L denotes the number of layers, nl the number of
nodes in layer l, xl,i the activation value of ith node in lth

layer, and ϕl,j,i the activation function connecting node ith

in lth layer to neuron jth in (l + 1)
th layer. Deeper KANs

are therefore built by stacking multiple KAN layers.

B. Robust Policy Optimization

Proximal Policy Optimization (PPO) [15] has been widely
adopted as a policy gradient method that balances sample
efficiency and stability during policy updates. In PPO, the
agent learns by optimizing a surrogate objective function that
incorporates a clipped probability ratio between the old and
new policies. This approach restricts the magnitude of policy
changes to prevent destabilizing shifts that could degrade
performance. The clipping mechanism mitigates the issues of
high variance and large updates that are common in earlier
policy gradient approaches, such as REINFORCE or vanilla
policy gradients. Additionally, PPO often employs an entropy
regularization term to encourage exploration by maintaining
policy stochasticity. However, the entropy can diminish over
training as the policy converges to more deterministic be-
haviors. PPO operates in an on-policy manner by collecting
trajectories using the current policy for use in generalized
advantage estimation (GAE) to compute value targets.

Robust Policy Optimization (RPO) [13] is an extension of
PPO that introduces a perturbation mechanism to make the
system more resistant to changes by keeping a higher level of
policy entropy during training. Unlike PPO, where entropy
may decline as the agent exploits learned behaviors, RPO
perturbs the base parameterized action distribution (typically
a Gaussian distribution) with a scaled uniform random noise.
This approach effectively blends the original distribution
with a broader, more exploratory one. Consequently, the pol-
icy is encouraged to maintain stochasticity, which reduces the
risk of prematurely converging to suboptimal deterministic
policies and improves generalization in high-dimensional or
noisy environments. RPO retains the core elements of PPO,
such as clipped surrogate loss and on-policy data collection.
However, RPO enhances the policy output by interpolating
between unperturbed and perturbed distributions.

III. RELATED WORK
Recent studies restored interest in KANs by enhancing

their architectures and introducing variants that use poly-
nomial and function-based methods. For instance, in the
year 2024, the study [17] proposed a new network architec-
ture, Chebyshev-KAN, which uses Chebyshev polynomials

as activation functions in KANs. This method improves
numerical stability in regression and classification tasks and
shows better convergence rates than spline-based KANs on
tabular datasets. While this variant offers benefits in ad-
dressing numerical problems and minimizing approximation
errors, it may entail higher computational expenses during
training due to polynomial evaluations and may be less
effective for highly non-smooth functions. Another approach,
WaveletKAN [6], incorporates wavelet transformations into
KANs to efficiently combine local, detailed information
with broader trends. Evaluated on the MNIST dataset,
this model demonstrated improved handling of multiscale
features and greater robustness to noise than the baseline
KAN model. While the WaveletKAN model has advantages,
such as enhanced representational power for dynamic en-
vironments, it has drawbacks, such as higher initialization
complexity and sensitivity to wavelet basis selection. These
disadvantages could hinder scalability in high-dimensional
problems. Another study [7] introduces the KAGNNs model
that extends KAN to graph neural networks by incorporat-
ing Kolmogorov-Arnold principles for message passing in
molecular property prediction. This approach achieves state-
of-the-art accuracy on benchmarks, like MoleculeNet. The
proposed model offers superior interpretability of graph-
structured data and efficient handling of node interactions.
Nevertheless, the model’s structural nature requires careful
tuning of edge functions and may not scale well to very large
graphs without optimization.

In the year 2025, Sine-KAN [14] was introduced to replace
the learnable grids of B-spline activations in KAN architec-
tures with grids of re-weighted sine functions. This modi-
fication demonstrated comparable numerical performance to
B-spline-based KANs while significantly improving compu-
tational efficiency. Finally, the research [16] developed KAN-
Dreamer model, by incorporating KAN and FastKAN models
into a RL framework based on DreamerV3 [9]. Evaluated
on the DeepMind Control Suite, KAN-Dreamer achieves pa-
rameter efficiency and interpretability comparable to MLPs,
while maintaining sample efficiency and accelerated infer-
ence via radial basis functions in FastKAN. However, this
model requires tailored vectorized implementations, which
can increase complexity in non-optimized environments.

IV. METHODOLOGY

A. TruKAN Overview

We summarize the foundations of TruKAN, introduced
in details in [4]. TruKAN extends KAN by substituting the
original B-spline with a truncated power basis drawn from
the spline theory. The truncated power functions are used as
univariate learnable activations. Following the KAN topol-
ogy, each TruKAN layer contains two main components: 1)
a spline-based on truncated power functions, and 2) a basis
formed by polynomial terms. The layer computes its output
as the sum of these two components. TruKAN architecture
can be tailored in several configurations, distinguished by
knot placement, knot broadcasting strategy and layer nor-
malization, as explained below:



• Fixed/Learnable Knot Locations: Knot locations may
be either fixed or learnable. Learnable locations are im-
plemented as a trainable parameter sequence, dynami-
cally optimized during training. This enables the interval
density to adapt dynamically to the data distribution
rather than relying on fixed priors. However, spline
construction requires a monotonic sequence to properly
define the curvature, and directly learning the knot
locations can violate this monotonicity constraint. To
address this issue, a stable reparameterization strategy
is employed to ensure that the sequence remains or-
dered and monotonic throughout training. The knot set
is systematically arranged in a grid-like configuration
consistent with the structural design of KAN.

• Knot Broadcasting: Broadcasting is governed by a
single hyperparameter, which determines whether a set
of knot sequence is shared across all output channels,
or if a distinct set is assigned to each output. With
fixed and shared knots, the model aligns with KAN
architectures. The broadcasting choice involves a trade-
off. With shared knots the parameter count will be
reduced and the structural of resulted network will
be similar to baseline KAN. In contrast, per-output
knot sets configuration enhance model expressivity but
require more parameters and may complicate interpre-
tation.

• Layer Normalization: Normalization is a regulariza-
tion method mostly used to make the model more robust
in the face of unseen scenarios or advanced noisy data.
Due to the instability of truncated power basis functions,
normalization is crucial for TruKAN model. There are
several normalization methods, such as Layer Normal-
ization, Batch Normalization and Group Normalization.
While each method suits different use cases, Layer
Normalization is more versatile. The latter standardizes
data across each feature dimension for a given training
sample. This approach is independent of hyperparame-
ters (such as batch size and number of groups), making
it less sensitive to noisy data and suitable for tasks with
variable sequence lengths where data distributions may
vary across batches during training.

B. Truncated Power Basis Boundary

Although the k-th truncated power basis functions span the
same function space as B-splines, they exhibit distinct poly-
nomial growth behavior in CRL settings, where numerical
stability is essential. In CRL, online learning occurs without
a fixed dataset, and both rewards and value estimates can
vary widely and unpredictably. Even with normalized raw
observations (zero mean and unit variance), minor drifts in
network weights can cause functions of the form ((x− ti))

k

to reach magnitudes of 103, 104, or higher. When raised to
the k-th power and linearly combined, these terms can easily
overflow, causing numerical instability or producing infinite
values during training. This issue is further exacerbated
in actor-critic algorithms, where the critic is trained to
minimize the temporal difference target, Qtarget = r+γQnext,
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Fig. 1. TruKAN-RPO Framework for Continuous Reinforcement Learning:
Incorporating TruKAN into Actor and Networks of RPO.

and if the rewards or bootstrapped Q-values are large, the
estimated values can diverge by hundreds, thus destabilizing
the learning process.

All previous studies used the original KAN with B-splines
as the basis for comparison. Truncated power bases are
more susceptible to numerical instability than B-splines,
particularly at higher degrees k, due to rounding errors and
numerically instability (e.g., near-collinear basis functions
for distant knots). This contrasts with the stability and
locality of B-splines, which minimize error propagation. In
practice, TruKAN may exhibit volatile gradients or slow
convergence if the inputs are not normalized or span a wide
range and optimization may stall or diverge without careful
initialization. In theory, both bases can approximate the same
function classes (e.g., continuous piecewise polynomials).
However, truncated powers may introduce sharper transitions
or less uniform smoothness. Normalization can improve this
issue, resulting in outputs that are more adaptive to layer
statistics. Also, in CRL (or noisy RL environments), the
normalization could improve robustness to noise by regular-
izing perturbations. While the simplicity of truncated powers
could reduce overfitting to spurious patterns, instability could
amplify the effects of noise without proper tuning.

Moreover, using RPO can improve sensitivity where RPO
counters this by enforcing higher entropy via perturbations,
which act as an implicit regularizer. Thus, high-entropy
policies are less likely to commit to spurious patterns in noise
because they sample from a broader action distribution rather
than converging to weak, low-variance outputs. In overall,
RPO has demonstrated greater stability and higher returns
than vanilla PPO, especially when maintaining entropy levels
that improve generalization [13]. Since RPO is a minimal
modification to PPO (e.g., adding a scaled uniform noise
to the action mean), it can be seamlessly applied to KAN-
based policies. The perturbation could regularize KAN’s
flexible splines, improve the regularization while preserving
interpretability.

C. TruKAN-RPO Design

Figure 1 depicts how TruKAN is integrated into the RPO
framework for CRL setting. Its general steps are presented
in Algorithm 1. With respect to hyperparameters, beyond
the ones required by PPO, RPO algorithm introduces an
additional scale factor. This factor controls the impact of
noise on actions. Furthermore, the TruKAN model incorpo-



Algorithm 1 TruKAN-RPO Framework
Inputs:
Environment E , parameter λ, Discount factor γ, Perturbation scale ζ,
Niterations, grid intervals g, Clipping ϵ, polynomial order k

1. Set TruKAN-policy πθ (parameterized by θ, g and k)
2. Set TruKAN-value function Vµ (parameterized by µ, g and k)
3. WHILE training is not converging:

3.1. Gather trajectories τ = ∪̇T
t=0{st, at, rt, st+1}

from E using perturbed πθ

3.2. FOR each step t:
3.2.1. Compute mean action µθ(st) and std σθ(st) using πθ

3.2.2. Sample perturbation zt ∼ U(−ζ, ζ)

(element-wise for vector actions)
3.2.3. Set perturbed mean µ̃t = µθ(st) + zt
3.2.4. Sample action at ∼ N (µ̃t, σθ(st))
ENDFOR

3.3. Calculate advantages At =
∑T

i=0 (γλ)
i δt+i using λ

3.4. Calculate returns Rt = At + V (st)

3.5. FOR epoch = 1 to Niterations:
3.5.1. Calculate ratio using unperturbed distribution for log-prob

ρt =
πθ(at|st)

πθold
(at|st)

3.5.2. Calculate clipped policy loss
Lclip(θ) = Et [min(ρtAt, clip(ρt, 1− ϵ, 1 + ϵ)At)]

3.5.3. Calculate clipped value
V clipped = Vold(st) + clip(Rt − Vold(st),−ϵ, ϵ)

3.5.4. Calculate clipped value loss with Vµ

Lclipped value(µ) =
Et[max((V (st)−Rt)

2,(V (st)−V clipped(st))
2)]

2

3.5.5. Adapt πθ with gradients of Lclip(θ)

3.5.6. Adapt Vµ with gradients of Lvalue(µ)

ENDFOR
ENDWHILE

rates three specific hyperparameters: 1) the number of knots
which determines the fineness of the input domain division
for approximating the activation function, 2) a boolean flag
which specifies whether knot locations remain fixed or are
learned during training, and 3) the order of the piecewise
polynomial representing the degree of the polynomial func-
tion in each segment of the truncated power functions, which
will governs the smoothness of the splines at the junctions
between segments.

In the context of KAN models, these additional hyper-
parameters apply to standard KAN and SineKAN models,
with one exception: the Boolean flag. Standard KAN and
SineKAN models operate on fixed intervals, and the locations
of the knots (called "grid" in KAN and SineKAN terminol-
ogy) are predefined. Consequently, this hyperparameter is
unnecessary for these models.

V. EXPERIMENT SETUP

A. MuJoCo-MJX Humanoid Environment

We evaluate the numerous CRL models using the
"MuJoCo-MJX Humanoid" [18] robotic model from the Mu-
JoCo Playground framework 1. This environment (built on
the MJX 2) is used to evaluate algorithms for CRL systems

1https://playground.mujoco.org
2JAX-accelerated MuJoCo simulator

in massively parallel training and simulation-to-real transfer
scenarios. The agent is a complex, bipedal humanoid figure
with human-like kinematics. It is tasked with achieving effi-
cient forward locomotion while maintaining balance and an
upright posture dynamically through coordinated, multi-limb
movements. The observation space comprises a unified set of
features across locomotion tasks, including gravity projected
in the body frame, joint positions and their velocities, linear
and angular velocities and foot phase variables for each foot,
which enable gait synchronization. The action space consists
of continuous torque values applied to the actuated joints.
The agent receives a composite reward formed as a weighted
sum of clipped, nonnegative terms, including exponential
penalties for tracking errors in linear and angular velocities
and bonuses for sufficient foot airtime and clearance, phase
synchronization, reduced foot slip, upright orientation, and
nominal joint poses. There are also penalties for excessive
joint torques, action rates, energy consumption, termination
events, and undesired vertical or lateral velocities. This com-
bination encourages the development of stable, efficient, and
human-like walking or running behaviors without falling. All
experiments are evaluated using version 3.4 of the Mujoco
library.

B. JAX Framework

We conduct all the experiments using the JAX framework
for training our models. The primary structure of RPO was
adapted from the Brax library [8]. For each task, we employ
the latest available environment versions to maintain compat-
ibility with current state-of-the-art results. We measure the
model performance under RPO using the average episodic
return, computed over a fixed set of evaluation episodes.
Under JAX+MJX, we use 4096 parallel environments (and
agents) for training and 128 parallel environments (and
agents) for evaluation. While highly parallel environments
provide massive amounts of data for each step, we apply the
mini-batch technique to the collected data, using 32 mini-
batches for each step. The policy is updated after every eight
mini-batches, meaning the policy is updated four times for
each collected data set per step.

Regarding the network architectures, we design three-
layer networks for the actor and critic components. The
number of neurons per layer varies based on each KAN
model to maintain an overall consistent number of learnable
parameters for all the experiments (approximately 50,000
parameters for the policy network and 38,000 for the value
network). We use identical configurations for actor and critic
parts in all variations.

C. Training Optimization

To mitigate the impact of randomness of network initial-
ization (i.e. weight and bias) and inherent stochasticity of
RPO algorithm (via exploratory noise), each experimental
configuration is executed with five distinct random seeds.
Performance curves are then averaged across these five trials
to improve the stability of the results. Each experiment is
executed for a duration of 32 million environment steps in



TABLE I
FINE-TUNING OF HYPERPARAMETERS

Training Parameters
Learning decay rate δ 1e-4
Niterations 32e6
Batch size 256
RPO Parameters
Discount factor γ 0.97
GAE parameter λ 0.95
Clipping factor ϵ 0.2
TruKAN Parameters
Polynomial’s order k 3
Number of knots (Grid) 5

total, with evaluations conducted after every one million step.
The evaluation process involves the calculation of the mean
values of five episodes, with each episode restricted to a
maximum of 1,000 steps. We note that the episodes were
terminated after reaching this threshold.

To ensure a level playing field and replicability of the
results, a set of constant hyperparameters is employed,
remaining consistent across all experimental conditions. The
value of the RPO’s noise scale factor varies based on the
complexity of the environment and exploration/exploitation
needs. The noise factor for the HumanoidStand, Humanoid-
Walk and HumanoidRun tasks is set to 0.001, 0.1, and
0.2, respectively. Similarly, we use different values for the
entropy cost factor. We set the value to 3e − 3 for the
HumanoidStand task and to 2e− 3 for the other two tasks.

The discount factor is set to 0.97, and clipped objective
uses a clipping factor of 0.2 to restrict policy updates. We
train the models by minimizing their objective functions
with the AdamW optimizer; β1 = 0.9, β2 = 0.99, and
weight decay of 1 × 10−4 [12]. The learning rate remains
fixed during training, but varies across environments. For the
HumanoidStand task, we select a smaller learning rate value
compared to two other tasks and train the policy and value
networks with a learning rate set to α = 2 × 10−5. For the
HumanoidWalk and HumanoidRun tasks, we increase this
value to 1× 10−3.

For the TruKAN model with learnable knot locations,
standard learning rate values (typically ranging from 1×10−3

to 3 × 10−4) proved suitable for optimizing coefficients.
However, these values were excessively large for adjusting
knot locations in small range (e.g. [−1, 1]). Such rates
induced instability in adaptation and degraded network per-
formance. Consequently, the TruKAN model with learnable
knots employed two separate optimizers: one for coefficients
and other parameters, and another one for knots. The learning
rate for the latter optimizer is set to one-tenth of that for the
former one, 2× 10−6 for HumanoidStand and 1× 10−4 for
HumanoidWalk and HumanoidRun. Compared to classical
PPO, the policy and value functions in RPO are based on
KAN, parameterized by θ and µ. All the models employ
learnable activations, which are defined with a set of coeffi-
cients, θ and µ. Table I presents the hyperparameter’s values
for general training, RPO and TruKAN, and these values
remain constant for all the models.

VI. VALIDATION

As reported in Figure 2, we evaluate and compare two vari-
ants of TruKAN-RPO (TruKAN-RPO-Fixed and TruKAN-
RPO-Learnable) against two other models, KAN-RPO and
SineKAN-RPO. The objective of "HumanoidStand" task is
for the agent to maintain a stable, upright posture with
no horizontal movement, despite gravitational forces and
minor environmental perturbations that render passive stand-
ing infeasible without active control. In this task, both
TruKAN variants and SineKAN achieved the maximum
reward, whereas KAN-RPO lagged behind with an average
score below half of the maximum. Notably, although the
TruKAN variants converged more rapidly than SineKAN,
their performance declined more quickly after convergence.
A similar degradation pattern was also observed in the
SineKAN models; however, because SineKAN converged
more slowly, a larger number of training iterations was
required before experiencing the same type of performance
decline observed in the TruKAN variants.

For the "HumanoidWalk" task, the objective extends the
"HumanoidStand" requirements to include forward loco-
motion at a moderate velocity (target of approximately 1
unit per second). Here, the performances of all models
were comparable; TruKAN with learnable knots yielded
the highest results. The TruKAN variant (with fixed knots)
and SineKAN exhibited nearly identical performance, while
KAN model again recorded the lowest score. The objective
of "HumanoidRun" task parallels that of "HumanoidWalk"
but requires forward locomotion at a higher velocity (target
of approximately 10 units per second) while maintaining up-
right stability. The results for this task reveal smaller perfor-
mance differences among the models compared to the prior
tasks, with SineKAN exhibiting steady improvement. The
TruKAN variants demonstrated stronger initial performance
but converged to final scores similar to SineKAN’s score.
While KAN performed comparably to TruKAN models at the
outset, its final score lagged behind and was the lowest over-
all. Across all tasks, the TruKAN models achieved higher or
comparable scores relative to the SineKAN, whereas KAN
consistently recorded the worst performance. However, the
observed patterns indicate that the TruKAN models may
require a distinct set of hyperparameters, as the truncated
power basis appears to promote greater exploration compared
to other models with similar hyperparameter set.

VII. DISCUSSION

The degradation in returns after reaching peak perfor-
mance in the "HumanoidStand" task highlights a known
vulnerability of highly expressive, dynamic architectures in
narrow-distribution continuous control. Standing is an unsta-
ble equilibrium task and once the policy achieves a highly
rewarding posture, the state distribution it experiences be-
comes extremely narrow. Because KANs dynamically adapt
their basis functions to current data distribution, the network
can rapidly overfit to this localized “standing” state. This
pattern suggests that models exhibiting faster convergence
may require smaller learning rates, along with additional



Fig. 2. Performance of TruKAN-RPO-Fixed, TruKAN-RPO-Learnable, KAN-RPO and SineKAN-RPO on three configurations of "MuJoCo-MJX
Humanoid". The curves are the average Return over five runs with distinct random seeds. The shaded areas are complete range of Returns observed
across trials.

regularization techniques, to mitigate overfitting and improve
generalization performance. Despite the instability in the
standing task, the learning curves across all environments
strongly suggest that the core gains of TruKAN stem from a
superior balance of exploration and exploitation. Unlike pure
B-spline KAN and SineKAN that can oscillate wildly early in
training, the truncated power basis provides a smoother, non-
saturating gradient landscape. In the figures, this is evidenced
by the significantly steeper initial climb of the TruKAN vari-
ants in "HumanoidWalk" and "HumanoidRun". This rapid
early ascent demonstrates highly efficient exploration where
the basis functions allow the agent to quickly map the broad
state-action space and identify high-reward regions.

Regarding the TruKAN variants, while all model param-
eters were kept identical except for the knot configurations,
the observed differences in performance can be attributed
primarily to the knot properties. The variant with learnable
knots demonstrated superior performance by adaptively ad-
justing its grid parameters to maximize performance along
the identified optimal trajectory, often achieving higher peak
results than the fixed-knot variant. In contrast, the fixed-
knot variant exhibited a more stable and regularized learning
behavior, which acted as a safeguard against the overfitting
observed in the standing task.

VIII. CONCLUSIONS

This study presented the TruKAN-RPO framework by
integrating TruKAN variant into the RPO architecture. We
replaced traditional MLPs with TruKAN models in actor and
critic networks of RPO to exploit the function approximation
properties of TruKAN in CRL tasks. We conducted an
empirical evaluation of two TruKAN-RPO variants (fixed
vs. learnable knot locations) in the complex "MuJoCo-MJX
Humanoid" environment and compared them with KAN-
RPO and SineKAN-RPO models. The results indicate that
TruKAN improves the learning performance of on-policy
RL methods by facilitating more efficient function approx-
imation. Specifically, the results suggest that the TruKAN
model better handles the trade-off between exploration and
exploitation compared to other models.
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