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Abstract— Long-horizon robotic manipulation remains a crit-
ical challenge in robotics. Hierarchical reinforcement learning
offers a promising solution, but often suffers from an imbalance
dilemma: simplifying skill learning increases the complexity of
planning, thereby expanding the solution space and computa-
tional burden of planning. To tackle this challenge, we propose a
Hierarchical Reinforcement Learning framework with Dynamic
Kolmogorov-Arnold Network (DyKAN) based Actor Critic,
named HIKER. Firstly, HIKER innovates with a dual-chain
design that decomposes the complex task into two intersecting
sub-chains, reducing the optimization conflict across subtasks
and alleviating the burden on the planning model. Secondly, we
develop DyKAN, a scalable neural network for both actor and
critic in the skill model of HIKER. DyKAN adaptively adjusts
grids and basis functions while preserving learned knowledge,
enabling efficient learning of complex manipulation skills.
Furthermore, to optimize DyKAN’s performance, we design
a per-layer update module that uses Dynamic Tanh (DyT)
and low-rank decomposition to ensure stable, low-cost updates
during training. Finally, experiments on long-horizon robotic
manipulation tasks demonstrate that HIKER significantly im-
proves efficiency and robustness, yielding higher-quality skill
models and achieving a 10.9% increase in task success rate
under the high noise condition. Further insights are available
on the website: https://sites.google.com/view/hikerdykan.

I. INTRODUCTION

With the rapid development of AI and robotics, ma-
nipulation robots are demonstrating significant potential in
application fields such as autonomous chemical and materials
laboratories [1]. These domains often involve long-horizon
tasks, where developing reliable learning methods for robotic
manipulation is crucial to enhancing the efficiency, auton-
omy, and safety of robots.

Imitation Learning (IL) and Reinforcement Learning (RL)
are mainstream methods for learning robotic manipulation
skills. While both methods have achieved success in tasks
such as grasping [2] [3], in-hand manipulation [4], and
contact-rich manipulation [5], they each exhibit distinct
limitations. IL, which relies on demonstration data, can effi-
ciently learn state-action mappings but suffers from limited
generalization, especially in long-horizon tasks, due to its
dependence on the coverage of the demonstration data. In
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Fig. 1. Dual-chain architecture divides the task chain into two sub-chains,
which DyKAN skill models learn. By actions from the skill models and
action weights from the planning model, the robot can accomplish the long-
horizon manipulation task.

contrast, RL learns generalizable policy without demonstra-
tion data. However, it struggles with large exploration spaces
and sparse rewards in long-horizon tasks, resulting in high
training costs and a tendency to converge to local optima.

To solve these challenges, hierarchical learning has been
applied to long-horizon tasks [6] [7]. Hierarchical learning
generally decomposes long-horizon tasks into subtasks or
goals via a two-level structure. The lower skill layer focuses
on learning manipulation skills for specific subtasks, while
the upper planning layer schedules the execution of these
skills based on the environment state. This decomposition
simplifies the learning process for long-horizon tasks. How-
ever, hierarchical learning also brings new challenges, such
as an increase in the number of model parameters [8] and
instability in upper-layer planning due to state similarities
among lower-layer manipulation skills [9]. A more critical
issue is the imbalance dilemma: simplifying skill learning
at the lower layer can overload the upper-layer planner,
especially when a long-horizon task is decomposed into too
many subtasks or goals, making the solution space of the
upper-layer planner too large.

To address the critical issue mentioned above, we propose
HIKER, a hierarchical reinforcement learning framework
with a dual-chain architecture and the DyKAN. As shown
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in Fig. 1, the dual-chain architecture divides the long-
horizon task chain into two intersecting sub-chains to reduce
learning difficulty for the skill models and the planning
model. One subtask corresponds to one manipulation behav-
ior. A DyKAN skill model can efficiently master multiple
higher-quality manipulations. Through the above compo-
nents, HIKER can effectively improve the success rates and
robustness for the long-horizon robotic manipulation task.
The main contributions of our work are as follows:

• HIKER framework: We introduce HIKER, a hierar-
chical reinforcement learning method for scalable and
robust long-horizon robotic manipulation. HIKER em-
ploys a novel dual-chain architecture to train the ma-
nipulation skill models. This design alleviates conflict
optimization objectives across skills and reduces the
burden on the task planning model.

• DyKAN architecture: Within HIKER, we propose
DyKAN, a scalable neural architecture for both actor
and critic networks in reinforcement learning. DyKAN
adaptively adjusts grids and basis functions while pre-
serving learned knowledge, enabling efficient learning
of skill models.

• Efficient DyKAN updates: To further enhance the effi-
ciency of DyKAN, we design a per-layer update module
that achieves stable and low-cost updates by leveraging
Dynamic Tanh and low-rank decomposition techniques.

• Empirical validation: We evaluate HIKER on long-
horizon robotic manipulation tasks, where it achieves
substantially improved efficiency and robustness.
HIKER efficiently learns higher-quality skills (reflected
by high rewards) and improves long-horizon task suc-
cess rate by 10.9% under the high-noise condition.

II. RELATED WORK

A. Long-Horizon Robotic Manipulation Task

The long-horizon robotic manipulation task requires the
robot to achieve a final goal through a sequence of manip-
ulations. Some studies start with fundamental manipulation
skills, such as completing object rearrangement tasks on a
desktop or container through combinations of picking, plac-
ing and opening [8] [10] [11]. However, these studies cover a
limited range of skill categories and do not adequately reflect
the task complexity and manipulation diversity encountered
in real application scenarios. Other studies enhance task
complexity by introducing additional constraints. These con-
straints include requiring cross-platform manipulations and
expanding the range of manipulation skills [9] [12] [13].
Two effective methods for long-horizon tasks are hierarchical
learning [8] [11] and Vision-Language-Action (VLA) model
[14] [15]. As the emerging method, VLA demonstrates the
potential to directly tackle long-horizon tasks by leveraging
its powerful representation learning and multimodal fusion
capabilities. It is worth noting that hierarchical learning
and VLA are not mutually exclusive. For example, π0 [15]
handles long-horizon tasks using the hierarchical framework.
Therefore, our research on hierarchical learning can not only

solve the problems of the long-horizon robotic manipulation
task, but also provide support for the development of VLA.

B. Hierarchical Learning

Hierarchical imitation learning and hierarchical reinforce-
ment learning are two mainstream hierarchical learning
methods. Hierarchical imitation learning collects demonstra-
tion data for models of both upper and lower layers. To
enhance the data fitting ability of models, the transformer [7]
[16] and the diffusion model [17] are utilized in hierarchical
imitation learning. However, hierarchical imitation learning
requires high-quality and large amounts of data, just like IL.
In hierarchical reinforcement learning, robots train multiple
policies through RL to complete the long-horizon task.
Conventional hierarchical reinforcement learning includes
the options framework [18], HAM [19], and so on. There
are many improvements and optimizations for hierarchical
reinforcement learning to cope with various long-horizon
robotic manipulation tasks. Examples include sharing a pol-
icy network with multiple value networks to reduce network
parameter size [8], incorporating curriculum learning [11],
and combining IL to form hierarchical hybrid learning [9].
Meanwhile, to alleviate the sparse reward problem in long-
horizon tasks, some studies introduce intrinsic rewards, such
as the Generative Adversarial Imitation Learning (GAIL)
reward [9], the large language model (LLM) [12] reward
and the intrinsic curiosity reward [11]. Although hierarchical
learning is a popular method for long-horizon tasks, it still
faces the dilemma of imbalanced learning difficulty between
upper and lower layers, as mentioned earlier. Our HIKER
can effectively alleviate this dilemma.

C. Kolmogorov–Arnold Network

KAN is inspired by the Kolmogorov–Arnold represen-
tation theorem [20]. Unlike the Multi-Layer Perceptron
(MLP), which relies on fixed activation functions, KAN
parameterizes activation functions using learnable B-spline
basis function parameters to train. KAN can be used to
discover new mathematical or physical laws, thus showing
great potential for application in physics-informed machine
learning. Studies such as PIKAN [21], KINN [22], and
KKAN [23] demonstrate its value in this field. KAN also
shows application value in multiple other fields. For example,
KA-GNNs [24] for molecular property prediction, U-KAN
[25] for medical image segmentation, and MP-KAN [26]
for magnetic positioning. KAN is also used for various
tasks in RL, including but not limited to multi-agent [27],
safe autonomous driving [28], and chaos control [29]. How-
ever, KAN periodically updates its grids based on the data
distribution and simultaneously adjusts its learned B-spline
basis function parameters. This process will disrupt learned
knowledge to some degree. The stable update is important
for RL, and disrupting learned knowledge can reduce training
efficiency and stability. By designing residual structure, KAN
uses a base structure equivalent to a fully connected layer
to alleviate the above problems. Nevertheless, knowledge
tends to be dominated by the equivalent fully connected
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Fig. 2. Schematic diagram of HIKER framework. A Overview of dual-chain hierarchical Reinforcement Learning. B Schematic process of learnable basis
function parameters expansion. C DyT ensures stable training, while low-rank decomposition enables low-cost updates to the number of basis functions.

layer, reducing learnable B-spline basis function parameters
to merely a fine-tuning extension of them and failing to fully
demonstrate the learning capability of B-spline basis function
parameters. An alternative approach is to fix the grid of
KAN, but this also sacrifices part of its learning potential.
Our DyKAN can effectively solve these problems.

III. METHODOLOGY

In long-horizon robotic manipulation tasks, robots need
to execute a continuous action sequence {a1, a2, ..., an},
which can be abstracted into distinct manipulations, such
as pushing, pulling, or picking. These manipulations can be
learned either through multiple independent skill models [9]
or via a single skill model with task ID embedding [8]. We
take the hierarchical learning structure in [9] as an example.
Suppose the action space of the upper-level planning model
has n dimensions, each action dimension has m discrete
values, and the state space of the upper-level planning model
has d dimensions, each with k discrete values. The action
output of the planning model assigns corresponding action
weights to the skill model. The exploration space size of
the upper-level planning model is kd × mn. The larger the
exploration space, the more challenging it becomes for the
planning model to learn. As the number of skill models
increases, it will lead to rapid expansion of exploration
space and increase the burden on the planning model. To
reduce the planning burden, we propose an efficient hi-
erarchical reinforcement learning method named HIKER.
Firstly, we design a dual-chain hierarchical reinforcement
learning method, which reduces optimization conflicts and
alleviates planning burden. Secondly, we propose DyKAN
for low-level skill models. DyKAN can dynamically expand

network parameters based on data distribution. It can stably
and efficiently master multiple manipulations without task
ID embedding. Finally, we design the update module for
the DyKAN layer. To simplify the expanding process of
DyKAN, the update module uses low-rank matrix decom-
position to unify the grids of B-spline activation functions in
the same layer. Meanwhile, the update module adopts DyT
[30] to constrain the input data distribution of each layer.
Fig. 2 depicts our HIKER framework.

A. Dual-chain hierarchical reinforcement learning

We define a set of manipulation behaviors ab-
stracted from action sequences as a sub-task chain
{subtask0, subtask1, ..., subtaskn}. Using one skill model
to learn multiple subtasks simultaneously can effectively
reduce the action space dimension of the upper-level plan-
ning model, thereby reducing the planning burden. We don’t
adopt the multi-task learning based on task ID embedding.
Although task ID embedding can help a single model master
multiple manipulations, the planning model needs to output
an ID for planning and thus cannot reduce the action space
dimension of the planning model.

When manually dividing subtasks, failure to clearly
define task transition boundaries can easily lead
to state overlap between adjacent tasks. Therefore,
we design a dual-chain hierarchical reinforcement
learning method that decomposes the subtask chain
{subtask0, subtask1, ..., subtaskn} into two coupled task
chains: One is {subtask0, subtask2, ..., subtask2k}, and
the other is {subtask1, subtask3, ..., subtask2k+1}. As
illustrated in Fig. 2.A, the subtasks within each chain share
a skill model based on DykAN for learning, while an
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upper-level planning model based on MLP is responsible
for scheduling the two skill models. Through this dual-
chain design, a clear separation exists between the state
distributions of different subtasks within the same model.
The requirement for high-precision manual definition of
subtask boundaries is significantly reduced. Assuming the
state distributions of subtaskl, subtaskl+1, and subtaskl+2

are denoted as Dsl, Dsl+1, and Dsl+2, we define the
intersection Dsoverlap between these state distributions:

Dsoverlap(l,l+1) = Dsl ∩Dsl+1 ̸= ∅ (1)

Dsoverlap(l,l+2) = Dsl ∩Dsl+2 = ∅ (2)

Taking the policy gradient RL method as an example,
for state s ∈ Dsoverlap(l,l+1), the robot executes action al
in subtaskl and action al+1 in subtaskl+1. The advantage
functions for the two actions are defined as follows:

Al(s, al) = Ql(s, al)− V (s) (3)

Al+1(s, al+1) = Ql+1(s, al+1)− V (s) (4)

A denotes the advantage function, Q represents the state-
action value function, and V is the state value function. The
skill model is updated based on the loss function L(s). Thus,
for s ∈ Dsoverlap(l,l+1), L(s) of the skill model is defined
as Eq. (5):

L(s) = Lsubtaskl
(s) + Lsubtaskl+1

(s)
= F (Al(s, al)) + F (Al+1(s, al+1))

(5)

Lsubtaskl
(s) and Lsubtaskl+1

(s) respectively represent the
loss functions for subtaskl and subtaskl+1. F denotes the
mapping from the advantage function to the loss function.
If Al, Al+1 > 0 (or Al, Al+1 < 0) and al ̸= al+1, the
optimization directions of Lsubtaskl

(s) and Lsubtaskl+1
may

be in conflict in state s. For example, in a state s ∈
Dsoverlap(l,l+1), subtaskl requires the robot to return to a
reset position (because of its completed objective), whereas
subtaskl+1 requires the robot to execute its task objective.
Although finely dividing the reset and start positions for
each subtask can solve this problem, this approach relies on
human intervention. Therefore, our dual-chain hierarchical
reinforcement learning method achieves the state space in-
tersection as shown in Eq. (2), which can avoid optimization
conflicts in the same state.

B. Dynamic Kolmogorov–Arnold Network

The local support property of B-spline basis functions
ensures that input data only affects a subset of basis functions
in the activation functions of KAN [20]. We aim to leverage
this local influence mechanism to assist multi-task learning
in skill models. However, KAN periodically updates the
grid range based on input data distribution without chang-
ing the grid size, and synchronously adjusts the learned
basis function parameters and grid accuracy λ to match
the changes of the grid. Under the exploration paradigm
of RL, frequent network parameter adjustments will lead
to training instability. Therefore, we propose the DyKAN,
which maintains the grid accuracy λ when updating the grid,

but dynamically adjusts the grid size based on changes in
the grid range. DyKAN also adaptively modifies the number
of basis functions in the activation functions according to
changes in the grid size, thereby achieving dynamic updates
to the number of learned basis function parameters. DyKAN
matchs the grid range with the data distribution without
adjusting the learned basis function parameters.

As shown in Fig. 2.B, assuming grid parameters initial-
ization of a B-spline activation function ϕ(x) in DyKAN are
as follows:

grid range = [a, b], grid size = 5, k = 3 (6)

k is the order of the B-spline function, and the initial
number of basis functions depends on the grid size and order
k. The learnable basis function parameters are denoted as
C = {c0, c1, c2, ...}, and each parameter corresponds to a
basis function Bi(x). The B-spline activation function ϕ(x)
is defined as:

ϕ(x) =
∑
i

ciBi(x), x ∈ [a, b], i ∈ [0, 7] (7)

To achieve dynamic expansion of the number of learnable
basis function parameters, we design a forward parameter
set Cf and a backward parameter set Cb, which are used
to store the additional learnable basis function parameters
resulting from extensions of the upper and lower bounds of
the grid range, respectively. Specifically, after each network
update, we adjust the grid range based on the current upper
and lower bounds of the data distribution. If the upper bound
of the data distribution is greater than the upper bound of the
grid range, the upper bound of the grid range is updated, and
new learnable basis function parameters are added to Cf .
Similarly, if the lower bound of the grid range is updated,
the corresponding learnable basis function parameters are
incorporated into Cb. During both training and inference,
Cb, C, and Cf are concatenated to compute ϕ(x). To
streamline parameter management, we periodically merge
the parameters from Cb and Cf into C, thereby achieving
controlled and orderly growth of the learnable basis function
parameter scale. When the data distribution range shrinks,
we do not scale down the grid range and the number of
learnable basis function parameters synchronously. Frequent
addition and removal of network parameters (learnable basis
function parameters) can easily lead to training instability.

C. Update module for DyKAN layer

As illustrated in Fig. 2.C, We design an update module that
unifies the grids of all B-spline activation functions within
the same DyKAN layer to a common size and range, and
constrains the input data distribution. Assuming a DyKAN
layer has the input dimension q and the output dimension
p, there are q× p activation functions in this DyKAN layer.
Instead of maintaining an individual grid for each activation
function, we define a shared grid for the entire layer based
on the upper and lower bounds of the input data distribution
corresponding to all activation functions in that layer. Each
DyKAN layer maintains only one grid, which can help
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Fig. 3. Seven sequential manipulation tasks in the long-horizon task [9].

expand the basis function parameters at a lower cost. After
unifying grids, all learnable basis function parameters for a
DyKAN layer will be initialized as a matrix of dimension
q × p × j. Then, we decompose this matrix into two low-
rank matrices: A (with dimension q × p × r) and B (with
dimension r×j). r represents the low-rank dimension. When
expanding the learnable basis function parameters, only the
matrix B needs to be modified. This low-rank matrix de-
composition effectively mitigates the potential rapid growth
in the number of learnable basis function parameters due to
grid expansion, also making network parameter expansion at
a lower cost. Low-rank decomposition for the learnable basis
function parameter matrix does not affect the local influence
mechanism of DyKAN. Because during both the training
process and the inference process, DyKAN first computes
and restores the complete basis function parameter matrix
before proceeding with subsequent calculations.

As shown in Fig. 2.C, we adopt the residual structure of
KAN, which introduces a fully-connected layer to form a
residual block together with the DyKAN layer. However,
to evaluate the learning ability of basis function parame-
ters, we freeze the fully connected layer during training.
Finally, we introduce a DyT layer before each DyKAN layer,
whose mathematical formulation is presented in Eq. (8).
This function constrains the input data distribution within a
bounded range through learnable parameters γ, α, β, thereby
preventing drastic changes in network parameters (matrix B)
scale caused by sudden shifts in data distribution and ensur-
ing stable training. Additionally, DyT dynamically adjusts
the constraining range during training by updating γ, α, β,
thus maintaining the scalability of matrix B. Algorithm 1
introduces how DyKAN expands matrix B, where Bf and
Bb are used to store new network parameter matrices, similar
to Cf and Cb.

DyT (x) = γtanh(αx) + β (8)

IV. EXPERIMENT

A. Task and Training Algorithm

HIKER will be validated in a chemical laboratory en-
vironment established in [9]. As shown in Fig. 3, in this

Algorithm 1 The expansion process of matrix B

Initialize: Current training steps stepcount, Step threshold
of combining parameter stepthre, Step incre-
ment stepincre, Upper bound of grid range b,
Lower bound of grid range a, Set Bf , Set Bb,
Matrix B, γ and β form DyT

1: for network update episode do
2: if network parameters have been updated then
3: if Max(Abs(γ) + β) > b then
4: Update b = Max(Abs(γ) + β)
5: Add new network parameter matrix to Bf

6: end if
7: if Min(−Abs(γ) + β) < a then
8: Update a = Min(−Abs(γ) + β)
9: Add new network parameter matrix to Bb

10: end if
11: if stepcount >= stepthre then
12: if Bf ̸= ∅ or Bb ̸= ∅ then
13: Combine the matrices in Bf and Bb with

matrix B to form a new matrix B
14: Update sets Bf = ∅ , Bb = ∅
15: end if
16: Update stepthre = stepthre + stepincre
17: end if
18: end if
19: end for

environment, the robot (Franka robotic arm) is required to
perform sequential manipulations to accomplish the complex
long-horizon tasks.

Based on dual-chain hierarchical reinforcement learning,
we organize Manipulation Tasks 1, 3, 5, and 7 into a subtask
chain, which is learned by Skill Model 1. Manipulation Tasks
2, 4, and 6 are learned by Skill Model 2. The definition
of each manipulation task can be found in [9]. After the
two lower-level skill models have been trained, an upper-
level planning model is trained to schedule them, thereby
accomplishing the long-horizon tasks. Both the skill models
and the planning model employ the Proximal Policy Opti-
mization (PPO) algorithm to train, and GAIL is incorporated
to provide intrinsic rewards ri. In the initial stages of train-
ing, we apply behavior cloning to infuse prior knowledge
into the actor network. Furthermore, we design independent
critic networks to approximate value functions V of extrinsic
rewards re and internal rewards ri, respectively.

B. State, Action and Reward

The planning model and skill models have the same
state S. S comprises three types of information: the robot
proprioceptive information G, target object information M ,
and specific environment information E. G includes the end
effector velocity V and the gripper state gripper state. M
covers the relative polar coordinates mi of all target objects
(e.g., drawers, racks, etc.) with respect to the end effector. E
contains information that is not readily quantifiable through
relative positions, such as button state. During training, we
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Fig. 4. Reinforcement learning re reward curves. A The average reward curve for total tasks in Skill Model 1, and the reward curves for each manipulation
task in total tasks. B The average reward curve for total tasks in Skill Model 2, and the reward curves for each manipulation task in total tasks. C Legend.

add ±0.5cm Gaussian noise to the positions of objects in
the environment. Then we use these positions to calculate S.

The skill model employs a four-dimensional continuous
action askill = (α1, α2, α3, α4). α1, α2, and α3 respectively
control the accelerations of the end effector along the x,
y, and z axes. α4 controls the state of the end effector’s
gripper. The planning model uses a two-dimensional action
aplanning = (β1, β2) to output the action weight β of each
skill model. We use softmax to normalize the two action
weights to obtain ω1, ω2. The actual action executed by the
robot is ω1askill1 +ω2askill2 . As described in the section IV-
A, the reward function is r = 0.1∗re+ri. Our reward design
draws on [9] and is adjusted to meet practical requirements.

V. EVALUATION AND RESULT

We aim to answer the following three core questions by
evaluating the experiment results: 1) Can the skill model
based on DyKAN successfully and efficiently master multi-
ple manipulations? 2) Can DyKAN automatically distinguish
between different subtasks? 3) How does HIKER perform in
the long-horizon manipulation task?

A. Learning Performance of Lower-Level Skill Model

We use the PPO algorithm for training. Our critic and
actor networks consist of three 16-dim DyKAN hidden layers
and one DyKAN action/value output layer. The trained Actor
network is the skill model we need. As indicated in [30], DyT
can functionally replace the normalization layer due to their
similar roles. To ensure fair comparison, we apply a normal-
ization layer to state S inputs in methods that do not include
DyT. As shown in Fig. 4, to evaluate the learning capability
of DyKAN in multiple manipulation tasks, we conduct abla-
tion studies and comparative experiments. First, we examine

the impact of different grid precisions λ ∈ {0.2, 0.1, 0.05} on
training. DyKAN shows stable and efficient learning ability
across all precisions. Second, the ablation study on the DyT
layer reveals that constraining the input data is important
for DyKAN training. Meanwhile, we compare DyKAN with
KAN [20]. The grid initialization of KAN is the same as
that of DyKAN. We conduct experiments under different
configurations of KAN: (1) freezing the fully connected
layers without updating the grids; (2) updating the grids using
QR decomposition while keeping the fully connected layers
frozen; (3) updating the grids using QR decomposition with
pivoting while keeping the fully connected layers frozen; and
(4) updating the grids using QR decomposition while training
the fully connected layers. It is worth noting that our DyKAN
also freezes the fully connected layers during training. In all
configurations of KAN involving grid updates, grids are only
updated during the first half of the training phase. The results
indicate that all KAN configurations exhibit inferior learning
performance compared to DyKAN. DyKAN can update grids
without affecting learned knowledge, making training more
stable and efficient. DyKAN’s unique network parameter
extension and grid update mechanism make it more suitable
for complex RL tasks.

Furthermore, we compare DyKAN with the MLP-based
network in ROMAN [9] and the multi-critic model with
asymmetric inputs in GTHSL [8]. The multi-critic model
also uses the MLP-based network, and we omit the task ID
encoding in the actor network to meet the action dimen-
sionality reduction requirements of the upper-level planning
model. Considering the difficulty of multi-task learning,
both the critic and actor networks in the two compared
methods consist of three 256-dim hidden layers and one
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action/value output layer. The results show that the two
compared methods can not stably learn all subtasks. MLP is
difficult to handle multi-task gradient conflict stably without
additional task ID encoding input. Finally, to investigate
whether combining DyT with other network can improve
network learning performance in RL, we combine MLP with
DyT [30] for the experiment. The results indicate that there is
no improvement in learning performance compared to MLP,
and its learning performance is inferior to MLP in Skill
Model 2 tasks. The results prove that other components of
DyKAN are also important. Overall, DyKAN demonstrates
stable and efficient learning ability in RL, while HIKER can
efficiently learn higher-quality skill models.

Fig. 5. T-SNE analysis of hidden states in different networks. Each subtask
undergoes 20000 samples.

B. Visualization Analysis of Task Hidden States in DyKAN

We respectively collect the hidden states from the first
DyKAN hidden layer in the actor network, re critic network,
and ri critic network. To evaluate whether DyKAN can
distinguish between different subtasks, we use T-SNE for
dimensionality reduction analysis on the hidden states. The
results shown in Fig. 5 indicate that the hidden states
of different subtasks exhibit clearly clustered distributions.
There are some exceptions, such as the hidden states of the
actor network in Manipulation 5, which deviate from the
main cluster and are closer to the states of other tasks. This
phenomenon may stem from shared characteristics among
different manipulations, such as the process of approaching
the goal object. Nevertheless, these states do not significantly
overlap with those of other subtasks. The result suggests
that DyKAN can effectively distinguish between different
subtasks. Based on the local influence mechanism in Sec-
tion III-B, different hidden states can activate distinct basis
functions. Although some basis functions are shared, some

basis functions are still independent. The independence of
these basis functions enables them to effectively extract the
distinctive features of subtasks, thereby providing crucial
support for DyKAN to alleviate multi-task optimization con-
flicts and accurately distinguish tasks. Therefore, the DyKAN
skill model can autonomously determine which manipulation
to execute based on the current state, without requiring any
additional information.

C. Long-Horizon Manipulation Task Inference Results

To evaluate the performance of HIKER in the long-horizon
manipulation task, we follow the Inference experiment from
[9] and compare HIKER with ROMAN (ROMAN with
GAIL Rewards) [9] and its variants [12]. ROMAN trains
seven independent MLP-based skill models and an MLP-
based planning model. For fairness, HIKER uses an MLP-
based planning model with the same hidden layers. As shown
in Fig. 6, HIKER achieves the highest success rate in tasks.

In ROMAN and its variants [9] [12], ROMAN with
intrinsic reward shows higher success rates than ROMAN
without intrinsic reward. ROMAN with LLM reward [12]
achieves high success rates under low noise levels, but its
success rates drop significantly at noise levels of 1.5 cm
and 2.0 cm, indicating poor robustness. ROMAN with Gail
reward [9] is slightly inferior to the former under low noise
but maintains relatively high success rates even under high
noise, demonstrating stronger robustness. Since all ROMAN
methods use absolute position for state representation, we
retrain the ROMAN using our state representation and re-
ward. The results indicate that HIKER outperforms ROMAN,
which uses our state representation. For example, HIKER
improves the success rate by 10.9% in Case 7 with a 2.0
cm noise level. Overall, HIKER not only achieves higher
success rates in long-horizon manipulation tasks but also
better robustness.

VI. CONCLUSIONS

We propose HIKER, a novel hierarchical reinforcement
learning framework designed for efficient and robust learning
of long-horizon robotic manipulation tasks. At its core, the
DyKAN autonomously distinguishes subtasks and enables
the skill model to master multiple manipulations. Further-
more, DyKAN dynamically adjusts grids and basis functions
while preserving learned knowledge, thereby supporting sta-
ble and efficient learning performance in multi-task RL tasks.
The dual-chain architecture in HIKER mitigates optimization
conflicts among subtasks and reduces the burden on the
planning model. Experimental results show that HIKER
efficiently learns high-quality skill models and achieves
more effective and robust performance in long-horizon robot
manipulation. Overall, these findings demonstrate the value
of HIKER in advancing long-horizon robotic manipulation.
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