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Problem

Let Xl:L — (Xl,..

Method

Temporal Encoding. To encode temporal in-
formation of the human motion in the trajec-
tory x(8) = (ajgi),...,xg))T, we employ DWT,
which decomposes a signal into its approximate
and detail components using wavelets, yielding
c) = DWT(x¥), where ¢ = (al¥,d®)T is an
(Lq+ Lg)-dimensional vector of wavelet coefficients
(i.e., approximation and detail components).

Residual Skip Connection. This skip con-
nection links the input of KAN directly to its
output, creating a residual pathway. Specifi-
cally, the output of the Temporal Dependency
Learner is an (L, + Lg) X D matrix given by

Zo = LN(KAN(Zq))+Z,, where KAN and LN
are applied along the temporal dimension.

Spatial Projection and IDWT. Together,
the spatial projection and IDWT refine joint
relationships and reconstruct the motion se-
quence in the time domain, resulting in an

L x K output expressed as Zs = IDWT(ZyWs),
where W, € RP*X ig a learnable matrix.

x)7T € REXE be a his-

tory motion sequence of L consecutive 3D hu-
man poses, where L is the look-back window,
K = 3J in the feature dimension, and J is the
total number of body joints. At each time step
t, each pose x;

c RY™& ig a flattened vector
formed by concatenating the 3D coordinates of
all joints in a single frame.

Spatial Projection. The spatial projection maps
the DWT-transformed history motion sequence
into an embedding space of dimension D, captur-
ing inter-joint dependencies. Its output is an (L,
Lg) x D matrix given by Z; = DWT(X;.1,) Wy,
where W; € RE*P is a learnable weight matrix.

The objective is to construct a predictive model
that estimates a motion sequence X Lil:L+T =
(Xr41,...,X4+7) € RIXE for the subsequent T
timesteps. To this end, we design an eflicient
model based on Kolmogorov-Arnold networks.

Model Prediction. The predicted sequence is

Temporal Dependency Learner. The Tempo- a1 X K matrix given by X 1.p471 — 23+ X,

ral Dependency Learner is a core component of
LuKAN, designed to capture temporal relation-
ships within the motion sequence data. We employ
a KAN layer, with associated matrix ® = (¢,.,),
where each trainable function ¢, , is parameter-
ized by a weighted linear combination of Lucas
polynomials: P.(x) = xzP,_1(x) + P_o(x).

where T' is the prediction horizon, Zs3 consists
of the first T rows of Zs, and X; € RT*HE ig
constructed by replicating the final pose x;, of
the historical motion sequence 1’ times.

Model Architect

Temporal Dependency
Learner

E Model Training. We train our model using
the following loss function
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Model Efficiency

- Results
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Time Complexity. FEach spatial projection ® \:\ VN L LN \\ RUER L A
involves a matrix multiplication of complexity 7 iy f gy 3 ) ]
O(DJL), where J is the number of joints, D is | , ﬁ\ ﬁ\
the embedding dimension, and L is the length o é\ [S\ d\ ﬁ\ ﬁ\ m ﬁ\ @
of the input sequence. DW'T and its inverse are E |
applied along the temporal dimension. As these &5 3 " ) ) A N » : : )
are linear-time operations per sequence and per
feature, their total complexity is O(JL). The , |
core component of LuKAN is a B-layer KAN |
with Lucas polynomial activations, where B is g |
the total number of blocks. Its time complexity PR B E e EC e E s e et
is O(BDRL?), where R is the degree of the Lu-
cas polynomial. Hence, the time complexity of (\ (\\ 5“ K\ 4\\ (R 4\\ im (\\ v“
LuKAN is O(DJL + BDRL?). é)
Memory Complexity. Our model maintains E | \ ) ) ) ) ] ] ] )

a lightweight parameter count. FEach spatial
projection require O(J D) parameters, while the
B-layer KAN contributes O(BRL?) parame-
ters, giving a total parameter complexity of
O(JD + BRL?). During runtime, memory is
also allocated for storing intermediate activa-
tions and for evaluating the polynomial basis,

Ablations Studies:
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DWT 9.4 21.5 46.2 57.2 75.7 89.9 101.6 109.3
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B-Splines 10.3 23.3 49.0 60.1 78.7 92.7 104.5 112.1

yielding a total runtime memory complexity ot AMAqq  DCT 109 19.7 34.9 41.5 51.6 58.7 63.6 66.9 Eggefgj?eev o e T
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pelling balance between expressive power and TR DCT 12.2 22.2 38.4 449 55.1 62.3 68.1 %72.2 Lucas 9.4 21.5 46.2 57.2 75.7 89.9 101.6 109.3

: : DWT 11.9 21.8 37.9 44.4 54.9 62.2 68.1 72.2
computational efficiency.




