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Abstract—Most existing self-supervised learning methods for
skeleton-based temporal action segmentation (TAS) fail to
capture the short-term motion semantics essential for dense
frame-level prediction, as they typically learn representations
that are either too coarse or motion-insensitive. This issue
is reflected in local dimension collapse, which highlights the
limitations of current approaches and suggests directions for
improvement. Specifically, to address the issue of local dimension
collapse for self-supervised learning in TAS, we propose the Local
Dimension Enhancement (LoDE) framework, which introduces
the local effective rank (LER) as a metric to measure and a
learning objective to reduce this collapse. A new fine-grained
representation scale, termed a motion unit, is defined as a
temporal clip of consecutive skeleton frames to model skeleton
data. Centered on this representation scale, we analyze existing
methods (sequence-scale and frame-scale learning) with the tool
of LER and theoretically demonstrate that introducing motion
unit-scale learning is essential to alleviate local dimension col-
lapse. Inspired by our theoretical insights, we design a multi-scale
semantics module that integrates frame-, sequence-, and motion
unit-scale learning, with LER-based regularization to enrich local
representation diversity. These designs effectively alleviate local
dimension collapse and lead to significant improvements in TAS,
as evidenced by LoDE’s superior performance over state-of-the-
art methods on three large-scale untrimmed datasets: PKUMMD,
TSU, and BABEL. Our project website is available at https://
carefreesun.github.io/LoDE TIP 2026/

Index Terms—Skeleton-based action segmentation, representa-
tion learning, dimension collapse.

I. INTRODUCTION

HUMAN action understanding has witnessed remark-
able advances in recent years through the use of 3D

skeleton data, which offers lightweight, compact, and privacy-
preserving representations [1], [2], [3], [4], [5], [6], [7],
[8], [9]. However, the success of prevailing methods heavily
depends on fully supervised training, which requires costly
and labor-intensive annotations. Moreover, due to the intrinsic
characteristics of human actions such as diversity, contextual
complexity, and long-tailed distribution, these methods often
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fall short in effectively modeling complex real-world scenar-
ios. These critical limitations necessitate a shift towards more
scalable paradigms, making self-supervised learning (SSL) an
increasingly vital approach for learning generalizable repre-
sentations from large amounts of unlabeled skeleton data [10],
[11], [12], [13], [14], [15], [16], [17], [18], [19], [20], [21],
[22], [23], [24].

SSL for skeleton has been well studied in action recogni-
tion [10], [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], which aims to learn meaningful representations from
unlabeled skeleton data by solving pretext tasks and then
use the pre-trained model to predict a single action class
for each trimmed sequence. However, limited attention has
been paid to a more challenging action understanding task
named temporal action segmentation (TAS) [21], [22], [23],
[24], which directly works with untrimmed videos and is more
practical for real-world applications. In addition to recognizing
the action categories, skeleton-based TAS requires localizing
the temporal boundaries for untrimmed sequences composed
of multiple actions and transitions. This presents significant
challenges for SSL methods in modeling local representa-
tions, i.e., learning highly distinguishable representations for
adjacent frames or short-term motions, to perceive subtle
changes.

Specifically, existing methods can be generally divided
into sequence-scale and frame-scale learning. Sequence-scale
learning methods, e.g., contrastive learning [10], [11], [12],
[18], encode each skeleton sequence into a global rep-
resentation and perform inter-sequence constraints, which
lack the modeling of local relationships and discrepancies.
This restricts the models’ sensitivity to fine-grained motion
changes. Frame-scale learning methods [14], [15], [17], [25]
learn representations via reconstructing original or transformed
skeleton, and thus focus on the detailed information within
each sequence and perceive little inter-class semantics. This
leads to less meaningful local representations and degrades
the boundary prediction performance.

More formally, the seemingly different limitations of
sequence-scale and frame-scale learning originate from a
deeper, shared fundamental problem called dimension col-
lapse [26], [27], [28]. In SSL, dimension collapse is one
of the intrinsic issues, where learned representations lie in
a low-dimensional subspace, failing to capture the full data
manifold and degrading downstream perception performance.
Specifically, since TAS requires diverse local representations
within sequences, we focus on the issue of local dimension
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Fig. 1. Visualization of motion unit compared with frame and sequence.

collapse, as formalized by LDReg [29], where representations
collapse within localized regions. This perspective enables a
quantitative analysis of existing SSL frameworks’ limitations
in modeling local representations and guides corresponding
improvements.

Specifically, to mitigate local dimension collapse for
skeleton-based TAS, we propose a Local Dimension Enhance-
ment (LoDE) learning framework. First, to quantify local
dimension collapse, we theoretically derive local effective
rank (LER) from the perspective of manifold dimension [30]
as a measure for the dimensionality of the latent space within
a local region. Moreover, beyond typical modeling scales of
sequence and frame, we introduce an intermediate scale named
motion unit, i.e., a clip covering consecutive frames of certain
joints, to model local representations for skeleton data. We
present a visual illustration of different scales in Figure 1.
If we compare a sequence to a sentence, frames are like the
letters, and then motion units represent the words, which are
finer than sequences while containing more motion semantics
than frames. Therefore, motion units are more suitable for
skeleton representation learning and analysis.

With the proposed LER, we analyze the SSL methods with
learning objectives of different temporal scales, i.e., sequence,
frame, and motion unit scale. We demonstrate that both
frame-scale and sequence-scale learning suffer severely from
local dimension collapse, while motion unit-scale learning can
help enhance LER by directly improving local representation
diversity. Based on the analysis, we propose a multi-scale
action semantics learning module centered on the motion unit
scale. In addition to motion unit-scale learning, we integrate
finer-grained frame-scale learning to capture action details and
coarser-grained sequence-scale learning to perceive long-range
semantics. Besides, we integrate LER to regularize the latent
manifold. By uniformizing the singular value distribution
of the local representation matrix, it further diversifies the
representations, which enhances the model’s ability to perceive
subtle motion changes for precise boundary localization.

Our learning framework effectively alleviates local dimen-
sion collapse and improves the downstream TAS performance.
Extensive experiments on PKUMMD [31], TSU [32], and
BABEL [33] datasets demonstrate the remarkable performance
of our model compared to the state-of-the-art methods.

Our contributions can be summarized as follows:
• We propose a novel local dimension enhancement

learning framework to address the local dimension col-
lapse problem in skeleton-based TAS. We quantify the

problem with a new proposed manifold dimension mea-
sure LER. During training, the framework incorporates
motion unit-scale learning and LER regularization to
generate discriminative local representations.

• We theoretically analyze local dimension collapse using
LER, showing that lower LER correlates with more
severe collapse, greater information loss, and poorer
TAS performance. These insights motivate incorporating
LER as a regularization to learn information-preserving
representations.

• We present that motion unit-scale learning improves
local dimension indicated by LER. Based on it, we
integrate sequence and frame scales to construct multi-
scale action semantics learning for more diverse local
representations. Finer frame-scale learning refines motion
units with details, and coarser sequence-scale learning
enhances global semantic perception.

The remainder of the paper is organized as follows. In
Sec. II, prior related works are introduced. Sec. III presents
our proposed LER measure along with its theoretical analysis.
Sec. IV elaborates the architectural details of the proposed
Local Dimension Enhancement learning framework. In Sec. V,
we present the experimental results and the corresponding
analysis. Sec. VI concludes our work.

II. RELATED WORKS

In this section, we briefly introduce the preliminaries of
temporal action segmentation, skeleton-based action represen-
tation learning, and alleviation of dimension collapse, and
review the related prior works.

A. Temporal Action Segmentation

Temporal action segmentation (TAS) focuses on frame-
scale action classification for untrimmed videos. Commonly,
pre-trained feature extractors are applied to the videos to
obtain dense representations, which are then post-processed
by segmentation models into frame-scale labels or tempo-
ral segments. Many designs focus on the architecture of
the segmentation model. JCRRNN [34] uses recurrent neu-
ral networks to perform regression. MS-TCT [35] leverages
multi-scale knowledge fusion to capture long-term semantics.
DiffAct [36] employs extracted representations as conditional
inputs, utilizing a diffusion model to denoise labels for seg-
mentation. To further improve accuracy and generalizability,
more and more works incorporate pre-training strategies for
feature extractors to generate high-quality representations.
GRU-GD [37] leverages multi-modal data for abundant infor-
mation. LAC [21] enhances the diversity of motion patterns
through synthetic action generation. BID [23] explicitly incor-
porates boundary prediction during pre-training to improve
localization accuracy. SCS [24] performs contrastive learn-
ing on concatenated trimmed sequences for model training.
Building on these insights, our work focuses on the pre-
training paradigm, aiming to produce highly informative and
discriminative representations without relying on external data.
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B. Sequence-Scale Skeleton Representation Learning

Skeleton-based representation learning methods aim to
learn informative representations for skeleton sequences with
unlabeled data and benefit downstream tasks. Among these,
sequence-scale learning has emerged as a prominent approach.
It operates by encoding an entire skeleton sequence into a
single global representation. The learning objective is then
defined by inter-sequence relations, compelling the model to
capture coarse-grained action semantics suitable for tasks like
action recognition. The most popular sequence-scale learning
paradigm is contrastive learning, which operates by maximiz-
ing the similarity between positive pairs while minimizing
it for negative pairs, thereby structuring a well-separated
representation space. Rao et al. [38] applied a MoCo-based
[39] framework and designed a series of data augmentations
tailored for skeleton data. Guo et al. [10] applied stronger
augmentations to explore more action patterns and benefit
contrastive learning. Zhang et al. [11] proposed a hierar-
chical learning framework to maintain the consistency of
representation semantics when applying strong augmentations.
Lin et al. [16] proposed to integrate equivariant and invariant
data transformations to encourage capturing augmentation-
related information. Although these methods can learn the
sequence-scale semantics, they lack modeling of short-term
motion patterns, which limits their applicability to TAS tasks.

C. Frame-Scale Skeleton Representation Learning

To mine short-term motion patterns and capture fine-grained
action semantics in skeleton sequences more effectively,
frame-scale learning methods are proposed. LAC [21] applies
frame-scale contrastive learning to distinguish small changes
in the action. Based on masked autoencoders (MAEs) [40],
SkeletonMAE [14] learns representations by reconstructing the
full skeleton from masked joints. MAMP [15] further discov-
ers that reconstructing motion can significantly improve the
representation quality and downstream performance. MacDiff
[17] uses a diffusion model for reconstruction and obtains
more robust and generalizable action representations. While
these methods excel at capturing local details, their reliance
on reconstruction from low-dimensional inputs overlooks the
inter-sequence semantics and inherently limits the dimension
of the learned representations, failing to discover a latent space
rich enough for complex semantic distinctions. To leverage the
advantages of sequence-scale learning and frame-scale learn-
ing to perceive richer semantics, hybrid learning frameworks
are proposed. MS2L [41] directly combines multiple tasks
of sequence-scale contrastive learning, frame-scale motion
prediction and Jigsaw puzzle to learn multi-scale dynamics.
PCM3 [13] integrates contrastive learning and masked skeleton
modeling paradigms in a mutually beneficial manner to better
fuse semantics from different granularities. However, simply
combining sequence-scale and frame-scale objectives often
neglects the intermediate temporal structures, leading to a
semantic gap where the compositional nature of complex
actions is not explicitly modeled. To overcome the limitations,
our method additionally proposes a motion unit-scale learning
paradigm to integrate multi-scale learning.

D. Alleviation of Dimension Collapse

Dimension collapse is a prevalent issue in SSL. The worst
case is complete collapse, where all the samples are mapped to
a constant representation, resulting in no meaningful informa-
tion. To address this problem, many contrastive methods [39],
[42], non-contrastive methods [43], [44] and autoencoder-like
methods [40] are proposed. However, these methods still suffer
from a more subtle form of degeneracy known as dimension
collapse, where the subspace spanned by the representations
is low-dimensional. Recent works have made great endeavors
in analyzing and alleviating dimension collapse. Some works
analyze intrinsic dimension based on the spectrum of the
representation space, addressing dimension collapse through
approaches such as regularization loss [27], model architecture
[45], and data sampling [28], respectively. Fang et al. [26]
applied a uniformity metric based on Wasserstein distance
to constrain model training. However, most of the methods
focus on the global structure of the representations. From a
more fine-grained perspective, LDReg [29] tackles the local
dimension collapse problem, where representations can col-
lapse locally while spanning a high-dimensional global latent
space. This inspires us to examine the local dimension collapse
at the motion unit scale for skeleton-based TAS.

III. ANALYSIS ON LOCAL DIMENSION COLLAPSE

In this section, we first introduce the LER measure for
evaluating the local intrinsic dimension, and theoretically
derive its negative relation with the extent of local dimension
collapse. With the tool of LER, we further analyze differ-
ent skeleton-based representation learning methods in terms
of temporal modeling scales. Then we explore an effective
method integrating a novel modeling scale, i.e., motion unit,
to mitigate local dimension collapse for skeleton-based TAS.

A. Local Effective Rank Measure

In standard terminology, the dimensionality of a data man-
ifold or latent space is referred to as its intrinsic dimension.
Local dimension collapse occurs when the intrinsic dimen-
sion becomes significantly reduced within localized regions,
which enables its quantification through intrinsic dimension
measurement. Generally, the measures to evaluate intrinsic
dimension can be divided into fractal dimension and manifold
dimension [30]. The fractal dimension is defined by the
following formulation [46]:

Definition 1: Consider a real-valued function F that remains
non-zero over some open interval containing r ∈ R, r , 0. The
intrinsic dimension of F at r is defined as:

IDF(r) , lim
ε→0

log{F[(1 + ε)r]/F(r)}
log[(1 + ε)r/r]

. (1)

However, the latent spaces to analyze are typically dis-
crete rather than continuous. This poses challenges for fractal
dimension estimation since Eq. (1) fundamentally relies on
a limit-based operation, requiring either continuity or dense
discrete sampling to approximate the limit. Unfortunately,
such dense sampling is often infeasible within a localized
region, where the available representations are limited in
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quantity. Consequently, fractal dimension measures tend to
exhibit instability when measuring local intrinsic dimension.

To develop a more stable local intrinsic dimension measure,
we propose the local effective rank derived from the manifold
dimension. The definitions of the embedding manifold and the
corresponding manifold dimension [30] are given as follows:

Definition 2: Let d < D and let Ω be a compact open set in
Rd. Assume that span

˚
Ω −

R
Ω

dµ
	

= Rd and φ : Ω → RD is
a smooth function. The set X = φ(Ω) is called an embedding
manifold with manifold dimension of d.

A common method for estimating manifold dimension is
principal component analysis (PCA) [30], which derives a
projected subspace where the data have maximum variance.
Specifically, given a centered data set X = {xi ∈ R

D}Ni=1 and
its corresponding matrix X ∈ RN×D, we compute its covariance

matrix C =
1

N − 1
X>X and perform eigen-decomposition

as C = ΓDΓ>, where D = diag{λ1, λ2, . . . , λN} and Γ =

[v1, v2, . . . , vN]. λi is the i-th largest non-negative eigenvalue
of C with vi the corresponding eigenvector. For any variable
x, the i-th principal component is given by yi = vix. According
to the definition, we have var(yi) = λi, where var(·) denotes
the variance operation. Then, a common criterion to estimate
dimension is to find the minimum d that satisfies:Pd

i=1 var(yi)PN
i=1 var(yi)

=

Pd
i=1 λiPN
i=1 λi

> β, 0 < β < 1. (2)

When β gets close to 1, the above Eq. (2) essentially involves
counting the number of large eigenvalues and omitting small
ones. Since the squared singular values of X are proportional
to the corresponding eigenvalues of C, this estimation is
equivalent to the effective rank (ER) of X that treats its small
singular values as zeros. Based on this finding, we employ the
ER definition in [47]:

ER(X) = exp

 
−

NX
i=1

pi log pi

!
, (3)

where pi denotes the l1-normalized singular value. Based on
ER, we further introduce local effective rank, which is related
to the modeling scale of motion unit defined formally in
Sec. IV-A. Specifically, when applying ER to measuring local
intrinsic dimension for skeleton sequences, we compute it
on the set X composed of motion unit-scale representations
extracted from a certain temporally cropped sequence, and
term such a measure as local effective rank (LER). As derived
from PCA, LER is more suitable for evaluating discrete
representations than fractal dimension measures.

B. Local Dimension Collapse Analysis With LER

In this part, we analyze LER’s properties as a rank estimator
to indicate local dimension collapse, and further reveal the
negative impact of local dimension collapse on TAS with LER.

1) LER for Rank Estimation: We first give fundamental
properties linking LER to the rank of local representation
matrices, demonstrating the efficacy of LER as a rank esti-
mator. We denote Z ∈ Rd×m as the matrix formed by a
set of local representation vectors, with m representing the

number of vectors and d denoting the dimensionality of each
representation vector.

Proposition 1: The rank of local representations is a tight
upper bound for LER, satisfying:

1 ≤ LER(Z) ≤ rank(Z) ≤ n, (4)

where rank(·) denotes the rank operator and n = min{m, d}.
The equality holds if and only if the non-zero singular values
are uniformly distributed, i.e.,

σi = σ j , 0, ∀i, j ≤ rank(Z), (5)

where σi denotes the i-th singular value.

Furthermore, in practice, we typically treat small singular
values as zero to estimate a lower rank r for the matrix,
which can significantly compress the representation matrix
within a small reconstruction error threshold by storing fewer
singular values and their corresponding singular vectors. This
strategy is termed low-rank approximation, which can effec-
tively mitigate the impact of noise and more robustly estimate
the information content of the matrix. Following this, we
propose to experimentally examine the relation between the
minimal achievable rank r and LER when performing low-
rank approximation.

Specifically, we conduct random sampling on skeleton rep-
resentations encoded by a vanilla ViT [48] fine-tuned from
scratch on PKUMMD I dataset [49] at different training
epochs. For each sampled representation matrix, we compute
both its LER value and the minimal rank r achievable under
different error thresholds. The error is defined as the Frobenius
norm of the error matrix, i.e., the sum of squared element-wise
difference between the original matrix and the reconstructed
matrix. To ensure that the approximated low-rank represen-
tations preserve the essential semantic information of the
original ones, a strict error threshold is necessary. We selected
0.1, 0.5, and 2.0 because they are negligible (e.g., <0.2%)
compared to the magnitude of the representation matrix values,
whose L1 norm is about 1,900 in average. The experimental
results in Figure 2a demonstrate positive linear correlations
between the LER values and the minimal r values. Formally,
we compute the Pearson correlation coefficient (PCC) that
measures the linear relationship between two variables, rang-
ing from -1 to 1, to validate this correlation, and obtain high
values of over 0.99 under all thresholds.

Moreover, LER possesses two invariance properties, which
are consistent with matrix rank:

Proposition 2 (Scale Invariance): For all c , 0, the
following equality holds:

LER(c · Z) = LER(Z). (6)

Proposition 3 (Orthogonal Invariance): For any orthogonal
matrix U ∈ Rd×d, the following equality holds:

LER(UZ) = LER(Z). (7)

Owing to the properties, LER effectively estimates the rank
of local representation matrices and indicates the extent of
local dimension collapse.
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Fig. 2. The visualization results of local dimension collapse analysis based on LER. (a) shows the quasi-linear relation (PCC >0.99) between LER and the
minimal achievable r under low-rank approximation. (b) shows the positive correlation (PCC = 0.986) between the LER and downstream TAS performance
on the PKUMMD I dataset. (c) demonstrates the LER for the models with learning objectives of different scales, computed within local regions of varying
temporal lengths. The length ratios are relative to the frame number of each cropped sequence, i.e., 120. F, S, and M denote models trained with frame-,
sequence- and motion unit-scale objectives, respectively.

2) Rank for Information Measurement: Given the nice
properties of LER positively correlated with rank, we are
motivated to explore the intrinsic relationship between the rank
and the information content of representation matrices, which
further reveals the impact of local dimension collapse. Specifi-
cally, we employ the coding length of the local representation
matrix as the measurement for information content and use
low-rank approximation to compress the matrix.

Lemma 1: Denote Z ∈ Rd×m as the matrix formed by a
set of local representation vectors, with m representing the
number of vectors and d denoting the dimensionality of each
representation vector. Assume each real value has a fixed
coding length of b bits, and the coding length Lr under the
optimal rank-r approximation of matrix Z is given by:

Lr = b · r · (d + m + 1). (8)

Lemma 1 reveals that the minimal coding length is propor-
tional to the achievable minimal rank r of the representation
matrix. Since LER is linearly positively correlated with r, it
serves as an indicator of this coding length. This confirms
that local dimension collapse, reflected by low LER values,
degrades the minimal coding length of local representations
and thus results in uninformative latent spaces. In the context
of TAS, this loss of information leads to imprecise temporal
boundary predictions, which we will further examine below.

3) LER for Indicating TAS Performance: As established
in prior works [29], [45], [50], dimension collapse hinders
downstream perception. When it occurs locally in action
modeling, the subtle distinctions between consecutive frames
become ambiguous, i.e., temporally adjacent but semanti-
cally distinct motion patterns may be mapped to similar
representations. Consequently, TAS tasks that require precise
frame-wise classification will be significantly affected by the
local dimension collapse problem, which can be revealed by
the LER measure. We examine the relation between LER
and downstream TAS performance. By fine-tuning a vanilla
ViT as previously mentioned, we show the LER value and
corresponding TAS precision at different training epochs in
Figure 2b. The mean average precision improves as the LER

increases, with a high PCC value of 0.986. It verifies the
positive correlation between LER value and TAS precision,
confirming the utility of LER for the subsequent analysis.

C. Analysis of Learning at Different Scales

In this part, we analyze skeleton-based action representation
learning with objectives of different temporal modeling scales.
With the LER measure, we reveal the local dimension collapse
problem in existing sequence-scale learning and frame-scale
learning methods, and propose a novel motion unit-scale
learning mechanism to enhance local intrinsic dimension. The
implementations of sequence- and motion unit-scale learnings
follow BYOL [43], while frame-scale learning follows MAMP
[15]. Training and testing are performed on the NTU-RGB+D
60 dataset [51]. Figure 2c shows the results, which will be
analyzed in detail.

1) Sequence-Scale Learning Exhibits Severe Local Dimen-
sion Collapse: Sequence-scale learning does not directly
constrain local short-term representations. Instead, it indis-
criminately introduces corresponding sequence-scale infor-
mation to them. This leads to similar representations for
temporally adjacent motion units, resulting in significant local
dimension collapse as shown in the gray curve in Figure 2c.
Consider an extreme scenario where sequence-scale learn-
ing constrains the representation clusters to form a globally
high-dimensional manifold, while intra-cluster representations
collapse to their centroids. In this case, the LER value of
the representation space degenerates to 1 regardless of the
global intrinsic dimension. This reveals the critical limitation
of sequence-scale learning without local diversity constraints.

2) Frame-Scale Learning Alleviates But Still Suffers From
Local Dimension Collapse: Frame-scale learning discrimi-
nately optimizes each motion unit representation with frame-
scale action details, which introduces fine-grained constraints
that expand the local dimension as shown in the blue curve
in Figure 2c. However, it focuses on local motion patterns
within each sequence, lacking awareness of inter-sequence
relations. As a result, the local intrinsic dimension of the
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latent representations is bounded by the dimensionality of
the corresponding original action sequence. Since skeleton
data is highly compact, its dimensionality is low, often even
lower than that of the corresponding representation vectors.
This inevitably leads to local dimension collapse, making
it difficult for the model to actively explore more diverse
representations for richer semantics, such as sequence-scale
semantics or potential motion patterns not present in training
data. Moreover, fine-grained reconstruction tasks focus more
on optimizing principal components of the latent space as
demonstrated in work [52], which can degrade the local
intrinsic dimension and produce uninformative representations
for perception.

3) Combining Frame-Scale and Sequence-Scale Learning
Suffers From Semantic Gap: To help frame-scale learning
methods perceive more sequence-scale semantics, a straight-
forward idea is to combine it with sequence-scale learning
[13], [41]. We investigate this kind of approach but find that
its LER value decreases, as shown in the orange curve in
Figure 2c. As analyzed before, sequence-scale learning can
hardly help regularize the local structure of representations;
Instead, frame-scale learning brings much semantically irrel-
evant details, causing inconsistency when directly combined
with sequence-scale learning. This semantic gap leads to
instability and insufficiency in optimization, thereby reducing
the semantic information captured in the representations and
lowering the local intrinsic dimension.

4) Motion Unit-Scale Learning Improves Local Intrinsic
Dimension: Theoretically, we verify that the motion unit-
scale learning can effectively alleviate local dimension collapse
because of:

Proposition 4 (Lower Bound of LER): The lower bound of
LER is inversely proportional to the squared Frobenius norm
of the similarity matrix of local representations. Specifically,
for a matrix Z ∈ Rd×m composed of l2-normalized representa-
tion vectors, the following inequality holds:

LER(Z) ≥
m2

‖Z>Z‖2F
, (9)

where ‖ · ‖F is the Frobenius norm. Equality holds when either
all singular values are equal or there is only one non-zero
singular value.

Motion unit-scale learning can enrich the local short-term
representations to reduce the similarity among them, and
thus minimize ‖Z>Z‖F . Therefore, Proposition 4 implies that
motion unit-scale learning can increase the lower bound
of LER to mitigate local dimension collapse. Besides, the
motion unit scale acts as an essential bridge between the low-
level, noisy details of frame-scale learning and the high-level,
abstract semantics of sequence-scale learning. Specifically, the
motion units distill information from meaningful short-term
motion patterns, creating intermediate-scale representations
that can be effectively aligned with global context, which
mitigates the semantic gap and boosts the local intrinsic
dimension as exhibited in the red curve of Figure 2c.

Through theoretical and empirical analysis, we demonstrate
the importance of motion unit-scale learning and that a

multi-scale learning paradigm can effectively expand a high-
dimensional latent space locally. Inspired by the findings, we
propose our novel Local Dimension Enhancement learning
framework involving a motion unit-based multi-scale learning
module in the following section.

IV. LOCAL DIMENSION ENHANCEMENT LEARNING
FRAMEWORK

In this section, we propose our novel learning framework,
Local Dimension Enhancement (LoDE). Its overall pipeline is
shown in Figure 3. It integrates a multi-scale action semantics
learning module and an LER regularization loss to enhance
the local intrinsic dimension of the motion unit-scale repre-
sentations for more effective skeleton-based TAS.

A. Masked Motion Unit Modeling

The framework embeds motion units to capture short-term
dynamics. It then uses a Siamese Transformer encoder with
masking to process both masked and unmasked views, learning
spatio-temporally aware representations.

1) Motion Unit-Scale Skeleton Embeddings: To construct
representations at the motion unit scale, we begin by per-
forming temporal aggregation on the input skeleton sequence.
Formally, given a skeleton sequence X ∈ RT0×V×3, we reshape
it into a series of non-overlapping temporal clips, yielding
X′ ∈ RT×V×3l. T0, V , and l respectively represent the number
of initial frames, the number of joints, and the temporal
length of each motion unit, where T = T0/l. Each vector
of dimension 3l within X′ constitutes a motion unit, which
is designed to capture short-term motion semantics more
effectively than individual frames while being more fine-
grained than entire sequences. The motion units are separately
embedded into C dimension tokens with a projection matrix:
Embed(X′) ∈ RT×V×C . Then, learnable spatial and temporal
positional embeddings are added. Finally, these tokens are
flattened into E ∈ RTV×C .

2) Masking Strategy: To learn robust and semantics-rich
representations, we employ masked modeling on the embed-
ded tokens. Specifically, a high masking ratio is crucial for
forcing the model to infer missing spatial-temporal context
rather than relying on local redundancies, which introduces
more action semantics into representations and leads to a
high-dimensional latent space. Formally, we employ random
masking for the embedded tokens with a ratio of r, yielding
K = d(1 − r)× T × Ve visible tokens Em ∈ R

K×C . In practice,
we generate the mask M ∈ {0, 1}(T×V) with an extremely
high masking ratio r = 90% following the works on videos
[53], [54].

3) Siamese Transformer Encoder: We employ the vanilla
Transformer as the encoder E(·) to flexibly model the informa-
tion interaction among different motion units, which consists
of alternating blocks of multi-head self-attention and multi-
layer perception. Using a Siamese modeling approach, the
motion unit representations for both the masked and unmasked
view are obtained by the encoders with the same weights, i.e.,
Zmotion

m = E(Em) and Zmotion = E(E).
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Fig. 3. Illustration of our Local Dimension Enhancement (LoDE) framework. (a) LoDE learns motion unit-scale representations by applying a masked modeling
strategy with weight-sharing Siamese encoders. (b) The Multi-scale Action Semantics Learning (MASL) module captures multi-scale semantics by aligning
the reconstructed objectives from the masked view with original skeletons and quantized representations from the unmasked view. (c) LER regularization
(LERR) is applied to the masked view to encourage a more uniform singular value distribution and increase local intrinsic dimension.

B. Multi-Scale Action Semantics Learning (MASL)

In this module, the motion unit representations are refined
to capture rich action semantics and form a high-dimensional
latent space. We believe that such high-quality representations
should simultaneously have three properties: 1) multi-scale
informative, to be aware of long-range semantics and per-
ceive short-scale transitions; 2) diverse, without compromising
semantic integrity, different motion units have highly dis-
similar representations; 3) reconstructible, the original data
can be reconstructed with little information loss. Specifically,
to achieve multi-scale awareness and diversity, we introduce
a novel sequence-conditioned quantization modeling strategy
that integrates the motion unit- and sequence-scale learning.
To ensure that the representations remain reconstructible,
we incorporate a frame-scale decoding objective. Details are
introduced as follows.

1) Sequence-Conditioned Quantization Modeling: As ana-
lyzed in Sec. III-C, we perform motion unit-scale learning to
diversify local representations and enhance LER. Meanwhile,
we also integrate sequence-scale learning to perceive global
action semantics. Instead of processing each scale separately,
we introduce sequence conditioning strategy to mitigate the
semantic gap with motion unit representations.

Specifically, the sequence-scale representation Zseq
m =

Pseq(GAP(Zmotion
m )) is first obtained by a projector after pooling

all visible motion unit representations, where GAP(·) rep-
resents global average pooling operation. Then we use it
to pad the invisible positions in Zmotion

m and add positional
embeddings to obtain the decoder input Zpad. This introduces
global semantics to motion unit representations.

To learn semantics-rich and diverse motion unit repre-
sentations, we apply vector quantization (VQ) after the
Siamese encoder for the target representations. Recent works
have demonstrated VQ’s efficacy in discriminative action
understanding. Notably, SMQ [55] utilizes VQ to discretize
continuous sequences into semantically rich “motion words”,
and HVQ [56] employs hierarchical codebooks to capture

temporal dynamics of different levels. By mapping target
representations to a discrete space, the VQ module filters out
noise and enforces alignment on compact representations for
motion patterns. In detail, a motion unit vector quantization
module VQmotion(·) is applied, which maintains a codebook
and matches the input representation with the most similar
vector in the codebook to obtain the target discrete repre-
sentations Ymotion = VQmotion(Zmotion). Similarly, we obtain
the target sequence-scale tokens Yseq = VQseq(Zseq) using
sequence vector quantization module VQseq(·). The codebooks
are updated by the exponential moving average strategy [57],
which is effective in preventing the collapse [43]. Then the
sequence- and motion unit-scale objectives Ls and Lm are
formulated by negative cosine similarity:

Lm = 1 − cos(Ymotion,Pmotion(Ẑpad)), Ẑpad = D(Zpad),
Ls = 1 − cos(Yseq,Zseq

m ), (10)

where D(·) is the decoder and Pmotion(·) is a linear projector.
2) Frame-Scale Reconstructed Decoding: We adopt a

Transformer decoder to predict original frame-scale motion
patterns, which effectively preserves fine-grained information
for latent representations. Technically, the projector Pframe(·)
is attached after D(·) to obtain frame predictions, and Mean
Square Error (MSE) loss is used for the frame-scale objec-
tive L f :

L f = ‖Pframe(Ẑpad) − T (X)‖22, (11)

where T (·) is a linear transformation to avoid learning short-
cuts during reconstruction.

C. Local Effective Rank Regularization (LERR)

As validated in Sec. III-B, LER is an effective rank estimator
and indicates the extent of local dimension collapse. Therefore,
we propose to apply it as a direct regularization to the pre-
training process. We perform the regularization on the motion
unit representations Zmotion

m generated from the masked view.
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Formally, we use the reciprocal of LER to encourage higher
local intrinsic dimension for motion units:

Lr =
1

LER(Zmotion
m )

. (12)

To address potential numerical instability during the back-
propagation of SVD-based LER objective, specifically the
risk of gradient explosion when singular values are close
to zero, we employ a spectral shifting strategy, i.e., a small
regularization term εI (e.g., ε = 10−6) is added to the
representation matrix. This ensures that the singular values
of the matrix remain strictly positive, thereby stabilizing
the gradient computation and preventing numerical collapse
during training.

The whole model is optimized by the MASL objectives with
LERR loss. The overall loss is given by:

L = λmLm + λsLs + λ fL f + λrLr, (13)

where λm, λs and λ f are the weights for the motion unit-scale,
sequence-scale and frame-scale objectives, respectively. λr is
the weight for LER regularization.

V. EXPERIMENTS

A. Datasets

To verify the effectiveness of the LoDE framework, we
conduct experiments on the following datasets:

1) PKU Multi-Modality Dataset (PKUMMD) [31] is a
large-scale dataset that covers long continuous sequences. Two
phases are divided: PKUMMD I (PKU-I) and PKUMMD
II (PKU-II). PKU-I is for large-margin action segmentation,
while PKU-II is for small-margin segmentation. We adopt the
cross-subject (Xsub) and the cross-view protocols (Xview) for
both PKU-I and PKU-II.

2) Toyota Smarthome Untrimmed Dataset (TSU) [32] is a
real-world dataset for TAS in daily living settings. It contains
long-term composite activities where up to five actions can
happen simultaneously in a single frame. Only 2D skeleton
data is used, following LAC [21] for our experiments.

3) Bodies, Action and Behavior with English Labels
Dataset (BABEL) [33] is a frame-scale annotated dataset
containing about 43 hours of motion sequences and over
250 action categories from AMASS [58]. We follow BID [23]
that creates three subsets of BABEL, pretrains the model on
all the subsets, and applies fine-tuning separately.

4) NTU RGB+D Dataset 60 (NTU 60) [51] is a large-scale
trimmed dataset containing 56,578 samples with 60 action
categories and 25 joints. We employ it for self-supervised pre-
training and study the transfer-learning performance of our
method on PKUMMD.

5) Posetics Dataset (Posetics) [59] is a real-world
action dataset that contains about 142,000 trimmed skeleton
sequences with 13 body joints of 2D and 3D representations.
It is also used for self-supervised pre-training and verifying
the transfer learning performance on PKUMMD and TSU.

B. Implementation Details

1) Pre-Training Settings: The input sequence of 300 frames
is cropped and interpolated to 120 frames, and the temporal

size of each motion unit is l = 4. A vanilla ViT [48] is adopted
as the backbone, and the MAE-based [40] architecture is built
with an 8-layer encoder and a 3-layer decoder. The hidden
dimension is 256 in attention layers and 1024 in feed-forward
layers. We pre-train the models with a total batch size of 64 for
400 epochs. The base learning rate is set to 1e-3 and is reduced
to 5e-4 gradually with cosine decay. The AdamW optimizer
is employed with the momentum of β1, β2 = 0.9, 0.95 and the
weight decay of 0.05. λm, λs, and λ f are set to 0.1, 1.0, 1.0. λr

is 1e-4 for NTU 60 and 1e-6 for Posetics and BABEL.
2) Downstream Evaluation Settings: For downstream eval-

uation, we apply linear and fine-tuning protocols. In linear
evaluation, the pre-trained backbone is frozen, and a linear
classifier is attached. The classifier is trained supervised by
ground-truth labels for 100 epochs with a batch size of 128 and
a learning rate decreasing from 0.01 to 0. In the fine-tuning
evaluation, we attach an MLP head and fine-tune the whole
network for 100 epochs with a batch size of 32. The learning
rate increases linearly to 3e-4 from 0 in the first five warm-up
epochs and then decreases to 1e-5 with cosine decay.

We evaluate on three untrimmed TAS datasets PKUMMD,
TSU and BABEL. For PKUMMD, we pre-train on NTU 60 by
default. Results of pre-training on Posetics are also highlighted
in linear evaluation. Event-based mean Average Precision
(mAP) is reported at different temporal Intersection over Union
(tIoU) thresholds between the predicted and the ground truth
intervals to evaluate the performance. For TSU, we pre-train
the model with sequences from Posetics, and employ per-
frame mean Average Precision (per-frame mAP) following
LAC [21]. For BABEL, we follow the pretraining and eval-
uation protocols in BID [23]. A sliding window strategy is
adopted to process long sequences following PCM 3 [13].

C. Fine-Tuning Evaluation Results

To validate the superiority and generalizability of our
method, we conduct extensive experiments on different
skeleton-based action datasets with varying difficulty lev-
els. We compare the fine-tuning results of LoDE to other
skeleton-based TAS methods, and some supervised learning
and RGB-based methods are reported for reference.

1) Results on PKU-I: PKU-I is a laboratory-collected long-
action sequence dataset with clear action intervals. It primarily
evaluates models’ capabilities in action semantic extraction
and label prediction consistency. As shown in Table I, LoDE
achieves remarkable segmentation performance compared to
other TAS methods. Through multi-scale learning centered on
motion units, LoDE learns a high-dimensional latent space
with the information of both local temporal boundaries and
global action semantics. Therefore, compared to frame-scale
learning methods like MAMP and LAC, LoDE demonstrates
more pronounced performance advantages at high tIoU thresh-
olds, indicating better temporal consistency.

2) Results on PKU-II: Compared to PKU-I, PKU-II fea-
tures significantly shorter action intervals, which demands
models to possess stronger temporally fine-grained discrimina-
tive capability. Moreover, due to the limited scale of PKU-II,
early TAS methods that directly fit training set labels are
prone to overfitting. Nevertheless, as shown in Table II, LoDE
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TABLE I
FINE-TUNING TAS PERFORMANCE ON PKU-I. MAP AT TIOU θ = 0.1, θ = 0.3 AND θ = 0.5 ARE REPORTED. BOLD AND UNDERLINED VALUES DENOTE

THE BEST AND SECOND-BEST PERFORMANCE, RESPECTIVELY

TABLE II
FINE-TUNING TAS PERFORMANCE ON PKU-II. MAP AT TIOU

θ = 0.5 IS REPORTED

achieves significant performance improvements on PKU-II by
introducing abundant temporally fine-grained action semantics
through frame- and motion unit-scale learning. Besides, with
LERR, the learned local latent space is spanned, which forces
LoDE to capture more inherent motion semantics from the
limited training data and alleviates the overfitting problem.

3) Results on TSU: TSU is an indoor-captured dataset
characterized by concurrent actions, where each frame may
correspond to multiple action labels. This necessitates frame-
scale representations with richer spatial information to support
multi-action classification. Benefiting from fine-grained recon-
struction modeling and high local intrinsic dimension, LoDE
encodes action representations with strong temporal dis-
criminability while maintaining spatial information richness,
thereby better supporting concurrent action segmentation tasks
and achieving higher per-frame mAP in Table III.

4) Results on BABEL Subsets: The BABEL dataset, derived
from AMASS that unifies 15 human motion datasets, exhibits
more complex and diverse motion patterns compared to
indoor-captured data. Compared to previous methods, LoDE
learns a higher-dimensional latent space at the motion unit

TABLE III
FINE-TUNING TAS PERFORMANCE ON TSU. PER-FRAME

MAP IS REPORTED

TABLE IV

FINE-TUNING TAS PERFORMANCE ON THREE SUBSETS OF BABEL. MAP
AT TIOU θ = 0.5 IS REPORTED

scale. Therefore, it captures more meaningful semantics for
diverse motion patterns and achieves significant improvements
on all three subsets, illustrating greater generalization capabil-
ity and robustness, which is demonstrated in Table IV.

D. Linear Evaluation Results

We evaluate the TAS performance of LoDE on PKU-
I using linear evaluation protocols as shown in Table V.
Since LAC is pre-trained on Posetics and other compared
methods are pre-trained on NTU 60, we pre-train our model
on both datasets for fair comparisons. Our method achieves
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TABLE V

TRANSFER-LEARNING RESULTS BY LINEAR EVALUATION ON PKU-I. MAP AT TIOU θ = 0.1 AND θ = 0.5 ARE REPORTED

TABLE VI

TRANSFER-LEARNING RESULTS BY FINE-TUNING EVALUATION
ON ACTION RECOGNITION

significant improvements, verifying the high quality of the
learned representations. Note that our model is pre-trained in
a self-supervised manner, i.e., without using labels on source
datasets, but it still surpasses supervisedly pre-trained LAC
and SCS. This implies that our model can effectively capture
high-level action semantics from the well-designed multi-scale
learning task without explicit semantic labels.

It is also notable that there are significant differences in
the skeleton formats between Posetics and PKU-I. Therefore,
transfer learning between them is much more challenging com-
pared to transferring from NTU 60 to PKU-I. Nevertheless,
benefiting from the informative representations with high local
intrinsic dimension, LoDE performs well under this setting,
e.g., achieving mAP@0.1 22.5% higher than LAC under the
Xsub protocol, which highlights its strong transfer ability.

E. Action Recognition Results

Although LoDE is designed for TAS, it shows competitive
performance on action recognition. As shown in Table VI, we
pre-train on NTU 60 and fine-tune on the Xsub benchmark of
NTU 60, PKU-I (trimmed) and PKU-II (trimmed), compared
with well-performed skeleton-based action recognition meth-
ods. LoDE achieves comparable recognition accuracy to prior
recognition methods, demonstrating excellent compatibility
with the action recognition task.

F. Ablation Study

We carry out a series of ablation experiments on the PKU-I
cross-subject benchmark, with self-supervised pre-training on
NTU 60 and the linear evaluation protocol.

TABLE VII

ABLATION STUDY ON MULTI-SCALE OBJECTIVES

TABLE VIII

ABLATION STUDY ON LOCAL DIMENSION REGULARIZER

1) Effectiveness of Multi-Scale Objectives: Table VII shows
the results with different scales of objectives in MASL without
LERR. F, S, and M respectively represent adopting frame-
, sequence- and motion unit-scale learning. Compared to
frame-scale learning, refining it with sequence-scale learning
encounters slight performance degradation, implying a seman-
tic gap. In contrast, combining frame- and motion unit-scale
learning improves the performance. When we adopt all the
objectives, the performance is further boosted, verifying the
importance of all our MASL objectives.

2) Choice of Local Dimension Regularizer: We adopt the
model without LERR as the baseline, and test the performance
when applying LER and a fractal dimension measure MOM
[29] as regularization, respectively. As shown in Table VIII,
the TAS performance degrades slightly when MOM is added
as the local dimension constraint due to its instability. In
contrast, applying the stable manifold dimension measure LER
improves the performance.

3) Sensitivity to LERR Weight: Figure 4 illustrates the
model’s sensitivity to the LERR weight. Optimal performance
is achieved at a weight of 1e-4. As the weight decreases, the
regularization effect diminishes, and performance approaches
the baseline. Conversely, an excessively large weight severely
hampers performance. This is because LERR’s primary role
is to structure the latent space, not to encode action semantics
directly. An overly strong weight disrupts the learned semantic
relationships, underscoring the need for a moderate value.
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Fig. 4. Ablation study on the weight for LERR.

TABLE IX
ABLATION STUDY ON DESIGNS FOR INTEGRATING MULTI-SCALE

LEARNING. VQ AND SC REPRESENT VECTOR QUANTIZATION AND
SEQUENCE CONDITIONING, RESPECTIVELY

Fig. 5. Ablation study on the temporal size of motion units.

4) Designs for Integrating Multi-Scale Learning: We verify
the effects of our MASL designs to integrate different scales
in Table IX. The baseline model omits vector quantization and
sequence conditioning. We observe that the TAS performance
improves when both the designs are adopted. Also note that
without vector quantization, sequence conditioning tends to
overfit to semantically irrelevant information and leads to
lower performance. It implies that they are not indepen-
dent components but a tightly integrated mechanism to learn
diverse, multi-scale representations.

5) Impact of Motion Unit Size: We first compare the effects
of different motion unit sizes without LERR. As shown in
Figure 5, the TAS performance peaks at size 4. This is intu-
itive: smaller units fail to capture sufficient temporal context,
while larger units lose the fine-grained resolution necessary
for dense predictions in TAS, confirming the trade-off between
semantic richness and temporal precision. We further analyze
the sensitivity of the motion unit size on PKU-I Xsub, TSU and
BABEL as shown in Table X. While the optimal motion unit
size varies slightly due to dataset-specific temporal character-
istics, our method generally achieves competitive performance
compared to state-of-the-art methods. This confirms that our
framework is robust to variations in motion unit length and
maintains superior performance without requiring strict hyper-
parameter tuning.

TABLE X
SENSITIVITY ANALYSIS ON MOTION UNIT SIZE (l) ON PKU-I XSUB, TSU,

AND BABEL. WE REPORT AVERAGE RESULTS OF THE THREE SUB-
SETS ON BABEL. SOTA METHODS REFER TO MACDIFF [17] ON

PKU-I XSUB, SCS [24] ON TSU, AND BID [23] ON BABEL,
RESPECTIVELY

TABLE XI
ABLATION STUDY ON STUDENT-TEACHER NETWORK ARCHITECTURE

WITH MOMENTUM

TABLE XII
COMPARISON OF PRE-TRAINING EFFICIENCY AND PERFORMANCE. “S”

REPRESENTS SEQUENCE-SCALE LEARNING

6) Utilization of Siamese Architecture: We investigate the
impact of the teacher network update strategy. While Exponen-
tial Moving Average (EMA) is commonly used in contrastive
learning [39], [43], we argue that it introduces an excessively
large distributional gap which hinders effective representation
alignment, since we have applied a high mask ratio (90%) and
VQ modules to avoid learning short-cut. To verify this, we
compare our Siamese architecture with EMA-based teachers.
As shown in Table XI, the Siamese approach yields superior
performance, confirming that immediate weight synchroniza-
tion is a better choice for our proposed method.

7) Pre-Training Efficiency-Performance Trade-off: We
evaluate the computational cost of the LERR and sequence-
scale learning with default hyperparameters applied for NTU
pre-training. We note that the total training time may fluctuate
due to I/O latency and data loading overhead. Therefore,
training throughput (samples/s) serves as a more robust and
reliable metric for assessing computational cost. As shown in
Table XII, including LER reduces pre-training throughput by
approximately 1.6x (from 196.83 to 126.62 samples/s), and
1.3x compared to MAMP [15]. On the other hand, sequence-
scale learning has a negligible impact on training efficiency.
Notably, the overhead is strictly limited to the pre-training
phase and does not affect fine-tuning or inference latency.
Given the significant performance improvement, we consider
the pre-training cost of full model an acceptable trade-off for
enhanced representation quality.

Authorized licensed use limited to: Peking University. Downloaded on July 03,2026 at 08:42:59 UTC from IEEE Xplore.  Restrictions apply. 



SUN et al.: LoDE REPRESENTATION LEARNING FOR SKELETON-BASED ACTION SEGMENTATION 3981

Fig. 6. TAS results of frame 300 to 1100 from “0299-M” in PKU-I.

G. Visualization Results

To qualitatively demonstrate the superior performance of
our method, we present the segmentation result of sample
“0299-M” from the validation set of PKU-I in Figure 6 with
linear evaluation. More visualization results can be found in
the Supplement. The result obtained by the model pre-trained
with frame-scale learning is also shown for comparison, which
is marked as “Frame”. The results of Frame exhibit two
notable segmentation errors in the example. First, during the
relatively static phases in the middle of the “hug” action, the
Frame model misjudges them as no-action segments. Second,
after the “kick” action is completed, the Frame model misiden-
tifies the following no-action segment as “punch/slap” due to
the person being kicked appearing to be hit. Due to the local
dimension collapse, Frame model fails to capture meaningful
sequence-scale semantics and tends to generate predictions
that are inconsistent with the context in these confusable sce-
narios. In contrast, our method achieves higher segmentation
quality with more accurate temporal action boundaries and
better temporal coherence, demonstrating its advantages in
both fine-grained perception and long-range consistency.

VI. CONCLUSION

We propose the Local Dimension Enhancement learning
framework to mitigate local dimension collapse in skeleton-
based TAS. By introducing a manifold dimension measure
LER and an intermediate modeling scale motion unit, we
quantify local dimension collapse and analyze this prob-
lem in SSL at different scales. Based on the analysis, we
propose MASL to enhance representation diversity by integrat-
ing sequence-, frame-, and motion unit-scale learning, while
LERR further improves local intrinsic dimension. Theoretical
analysis and experimental results on PKUMMD, TSU, and
BABEL datasets demonstrate the effectiveness of the LoDE
learning framework.
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