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Abstract

In recent years, skeleton-based action recognition has
gained significant attention due to its robustness in vary-
ing environmental conditions. However, most existing meth-
ods struggle to distinguish fine-grained actions due to sub-
tle motion features, minimal inter-class variation, and they
often fail to consider the underlying similarity relation-
ships between action classes. To address these limita-
tions, we propose a Hierarchical-aware Orthogonal Dis-
entanglement framework (HiOD). We disentangle coarse-
grained and fine-grained features by employing indepen-
dent spatial-temporal granularity-aware bases, which en-
code semantic representations at varying levels of granu-
larity. Additionally, we design a cross-granularity feature
interaction mechanism that leverages complementary infor-
mation between coarse-grained and fine-grained features.
We further enhance the learning process through hierarchi-
cal prototype contrastive learning, which utilizes the parent
class hierarchy to guide the learning of coarse-grained fea-
tures while ensuring the distinguishability of fine-grained
features within child classes. Extensive experiments on
FineGYM, FSD-10, NTU RGB+D, and NTU RGB+D 120
datasets demonstrate the superiority of our method in fine-
grained action recognition tasks.

1. Introduction
Due to advancements in pose estimation algorithms [1,
10, 24, 26, 30, 37], action recognition has seen widespread
application in human–computer interaction in recent years
[13, 17, 25, 27]. Skeleton data has garnered significant
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Figure 1. HiOD uses fine-grained feature clustering to establish
explicit parent-child hierarchies, guiding coarse-grained feature
learning and aiding in finding parent class boundaries. Parent class
classification priors provide implicit disambiguation cues for fine-
grained features via shared bases, refining child class distinctions.

attention from researchers due to its robustness to varia-
tions in viewpoint and illumination. Early skeleton-based
action recognition approaches primarily utilized RNNs
[31, 34, 44] and CNNs [15] to process skeleton data as
pseudo-images or feature sequences, which overlooked the
inherent correlations between joints. Recent approaches
[5, 7, 14, 22, 28, 33, 35, 38, 41] employ Graph Convolu-
tional Networks (GCNs) to model the skeleton as a graph,
leveraging the topological structure of the skeletons to en-
hance recognition accuracy.

However, most existing methods struggle to identify
fine-grained actions due to subtle motion features, minimal
inter-class variation, and large intra-class variability. Re-
cently, some methods extract local detailed features through
multi-level feature aggregation [23], attention mechanisms
[4, 11, 19], or carefully designed loss functions [3, 21, 42].
Nevertheless, these methods overlook the interference that
coarse-grained features can have on fine-grained feature
learning. Specifically, in action recognition tasks, most

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

11252



samples exhibit significant inter-class differences and can
be distinguished by certain salient features known as coarse-
grained features. Optimizing easily distinguishable classes
can rapidly decrease the overall classification error, result-
ing in coarse-grained features dominating the learning pro-
cess and causing fine-grained features to be overwhelmed.

Furthermore, fine-grained actions exhibit complex inter-
relationships and possess a hierarchical semantic parent-
child structure [16]. For instance, compared to “Sit down”
class, “Reading” class exhibits more similar spatiotempo-
ral representations to “Writing” class, suggesting they may
belong to the same semantic parent class, as shown in Fig-
ure 1. High-level parent classes can be distinguished us-
ing coarse-grained features, while low-level child classes
rely on fine-grained features. Fine-grained features can pro-
vide detailed supplementary information to coarse-grained
features, facilitating the mining of general patterns shared
among child classes. Coarse-grained features contain prior
information about high-level classes, which provide signif-
icant disambiguation cues for the learning of fine-grained
features. Therefore, we aim to leverage the class hierar-
chy to mitigate the adverse effects of coarse-grained fea-
tures on fine-grained features in deep semantic space, while
also learning intrinsic associations between these features.

Motivated by the above, we propose a Hierarchical-
aware Orthogonal Disentanglement framework (HiOD) for
fine-grained skeleton-based action recognition. Specifi-
cally, HiOD consists of two core parts: Granularity Disen-
tanglement (GrD) and Hierarchical Prototype Contrastive
Learning (HiPCL). GrD employs independent spatial-
temporal granularity-aware bases to encode semantic rep-
resentations at varying levels of granularity, thereby dis-
entangling coarse- and fine-grained features into distinct
subspaces. To achieve cross-granularity feature interaction,
GrD employs a shared orthogonal basis to project disen-
tangled features into a unified semantic space, capturing
their common variation patterns and uncovering the com-
plementary information between them. To further promote
the disentanglement and interaction of features, HiPCL uti-
lizes a soft prototype weighted contrastive loss based on a
clustering hierarchy to capture shared semantic represen-
tations among similar classes, dynamically construct high-
level parent class decision boundaries, and achieve more
robust coarse-grained feature learning. In contrast, HiPCL
employs a hard prototype contrastive loss to ensure the se-
mantic distinguishability of subclasses, thereby achieving
discriminative fine-grained feature learning.

The main contributions are summarized as follows:
• We propose a hierarchical-aware orthogonal disentan-
glement framework that uses spatial-temporal granularity-
aware bases and shared orthogonal bases to mitigate the
negative impact of coarse-grained features on fine-grained
features while learning their intrinsic associations.

• We propose a hierarchical prototype contrastive learning
approach that exploits the parent class hierarchy to guide the
learning of coarse-grained features while ensuring the child
class distinguishability of fine-grained features.
• We conduct extensive experiments on FineGYM, FSD-
10, NTU RGB+D, and NTU RGB+D 120 datasets to com-
pare our proposed methods with the state-of-the-art models.
Results demonstrate the significant improvement achieved
by our methods in fine-grained action recognition.

2. Related Work
Skeleton-based action recognition. Early deep learning
methods employed RNNs [31, 34, 44] and CNNs [15] to ex-
tract action features from skeleton data. However, both fail
to effectively capture the structured dependencies of skele-
tons due to their inherent calculation strategies. To address
these challenges, some methods [5, 14, 38] model the hu-
man skeleton as a graph to capture the skeletal topology.
However, these methods struggle to capture the subtle dif-
ferences between similar actions. Recently, some methods
focused on fine-grained skeleton-based action recognition
[3, 11, 21, 23, 42]. Zhou et al. [42] decoupled spatial-
temporal features and used contrastive learning to refine dis-
criminative representation. Geng et al. [11] proposed a self-
attention-enhanced graph neural network integrating angle
information for richer skeleton features. Liu et al. [21] de-
veloped channel-variable spatial-temporal attention and a
robust decoupled loss to boost joint discrimination. How-
ever, these methods ignore the influence of coarse-grained
features on fine-grained features during training. We aim to
mitigate the negative impact of coarse-grained features on
fine-grained features while fully exploring intrinsic associ-
ations for complementary benefits.
Disentangled representation learning. Disentangled rep-
resentation learning separates factors of variation, en-
hancing interpretability and generalization across various
tasks. Current methods achieve feature disentanglement
through auxiliary tasks, including motion-context decou-
pling [12], reconstruction-based separation [6, 29], and
temporal-invariant decomposition [45]. Inspired by [39, 40]
and recognizing the highly semantic nature of human ac-
tions, we utilize orthogonal bases to facilitate the disentan-
glement and interaction of coarse-grained and fine-grained
features. Notably, we use hierarchical prototype contrastive
learning to guide disentanglement without auxiliary tasks.
Hierarchical classification. Hierarchical classification
uses hierarchical multi-labels to provide rich supervision to
the network. The challenge is embedding label hierarchy
into loss functions or architectures. Existing methods em-
bed hierarchies via loss reweighting [2] or contrastive space
enhancement [16], but require predefined parent-child rela-
tions. For skeleton actions without explicit hierarchies, we
guide disentanglement of coarse- and fine-grained features
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Figure 2. Overview of our proposed HiOD. (a) Feature extraction backbone embeds skeleton action features into high-level semantic
space. (b)∼(c) GrD in spatial and temporal dimensions. The granularity-aware bases Bc

s, Bf
s , Bc

t, and Bf
t capture semantic representations

across different granularities. Meanwhile, the shared orthogonal bases Bshared
s and Bshared

t extract complementary information from the
disentangled features within the same semantic space. (d) HiPCL leverages the parent-child hierarchy to direct the learning of coarse-
grained features while maintaining the discriminability of fine-grained features through high-confidence prototypes.

via dual weighting of prototype updates and contrastive
loss, revealing parent-child relationships among classes.

3. Method

3.1. Overview
The overall architecture of our proposed Hierarchical-aware
Orthogonal Disentanglement framework (HiOD) is de-
picted in Figure 2. Initially, the feature extraction backbone
maps the skeleton features into embedding space to obtain
the high-level embedding feature Xembed ∈ RN×C×T×V ,
where N is the batch size, C is the output channel dimen-
sions, T is the number of frames, and V is the number of
joints. Next, Granularity Disentanglement (GrD) projects
the embedding features into subspaces of different granu-
larities in both temporal and spatial dimensions to disen-
tangle fine-grained features from coarse-grained features.
Concurrently, these disentangled features are projected into
a common semantic space to facilitate cross-granularity in-
teraction. Finally, coarse-grained and fine-grained features
are fused for action classification. In this process, Hierar-
chical Prototype Contrastive Learning (HiPCL) leverages
the parent-child hierarchy to guide the learning of coarse-
grained features while maintaining the discriminability of
fine-grained features through high-confidence prototypes.
We present the architecture details in the following sections.

3.2. Granularity disentanglement
Granularity-aware basis. To mitigate the adverse ef-
fects of coarse-grained features on fine-grained features, we

project the original action features Xembed into a subspace
with specific granularity using a parameterized granularity-
aware orthogonal basis. Formally, the granularity-aware ba-
sis B = {b1,b2, . . . ,bM} consists of M orthogonal vec-
tors, with each bM ∈ R1×Cdim representing a semantic
granularity. We implement B ∈ RM×Cdim as a learnable
matrix and employ QR decomposition during the forward
pass to enforce orthogonality:

bi · bj =

{
0 i ̸= j

1 i = j.
(1)

In other words,we enforce orthogonality among vectors
within and across orthogonal bases. Assuming that the
embedding feature can be represented as a vector clus-
ter Xv , we first calculate the projection coefficients w =
[w1, w2, . . . , wi] of Xv onto each basis vector. Next, we
perform a weighted sum of all coefficients with their corre-
sponding basis vectors. This allows us to project the origi-
nal skeleton embedding features Xembed onto the subspace
spanned by the granularity-aware basis. The process can be
expressed as:

Xb =
M∑
i=1

wib
T
i , wi =

Xv · bT
i

∥bi∥2
, i = 1, 2, . . . ,M (2)

To disentangle coarse-grained and fine-grained features,
we employ two independent granularity-aware bases and
guide the learning process of these orthogonal bases us-
ing hierarchical prototype contrastive learning (see Section
3.3). Each basis vector encodes semantic representations
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of different granularities and adaptively selects coarse- and
fine-grained information from the original features via fea-
ture projection, creating feature subspaces of varying gran-
ularities.Therefore, the granularity-aware basis also func-
tions as a feature selector.
Spatio-temporal separation strategy. Subtle differences
among various fine-grained actions can manifest across dif-
ferent spatial-temporal dimensions. For example, in rhyth-
mic gymnastics, jumps can be classified based on variations
in body posture (spatial dimension) and the number of ro-
tations (temporal dimension). Thus, separately disentan-
gling coarse-grained and fine-grained features in both tem-
poral and spatial dimensions is beneficial. Specifically, we
design four independent granularity-aware bases Bc

t, Bf
t ,

Bc
s, Bf

s to capture temporal coarse-grained features, tem-
poral fine-grained features, spatial coarse-grained features,
and spatial fine-grained features. We reshape the embed-
ding feature Xembed ∈ RN×C×T×V into spatial feature
Xs ∈ RN×V×CT and temporal feature Xt ∈ RN×T×CV ,
and project them into the subspaces defined by the four
granularity-aware bases, respectively:

Xc
s = (Xs · (Bc

s)
T )·Bc

s, Xf
s = (Xs · (Bf

s )
T )·Bf

s ,

Xc
t = (Xt · (Bc

t)
T )·Bc

t, Xf
t = (Xt · (Bf

t )
T )·Bf

t .
(3)

where c and f represent the coarse-grained and fine-
grained, respectively. Eq.3 represents the matrix multipli-
cation implementation of the orthogonal projection (Eq.2).
In this way, granularity-aware bases to encode specific tem-
poral and spatial dynamics. The temporal coarse-grained
basis captures overarching motion patterns over long time
intervals, allowing the model to understand general action
trends. In contrast, the temporal fine-grained basis focuses
on minute variations in shorter time frames. Similarly, the
spatial coarse-grained basis emphasizes broad spatial con-
figurations of joints to detect larger motion patterns, while
the spatial fine-grained basis captures precise movements
and interactions among individual joints.
Cross-granularity feature interaction. Some methods
adhere to the principle of completely disentangle features
by utilizing separate network heads for feature separation
[2, 6]. However, this approach results in a lack of corre-
lation between the heads, which makes it challenging to
model the implicit relationships among different features.
In contrast, we aim to effectively leverage the complemen-
tary information between coarse-grained and fine-grained
features to promote each other while ensuring their sepa-
ration to the greatest extent possible. To this end, we pro-
pose a cross-granularity feature interaction mechanism that
projects coarse-grained and fine-grained features into the
same semantic subspace, enabling the extraction of comple-
mentary information between them. We adopt two learn-
able shared orthogonal bases, Bshared

t ∈ RM×CV and
Bshared

s ∈ RM×CT , to facilitate the interaction of fea-

tures with different granularities in the temporal and spa-
tial dimensions, respectively. We take the spatial dimen-
sion as an example to introduce the specific technical de-
tails. We project coarse-grained features Xc

s ∈ RN×V×CT

and fine-grained features Xf
s ∈ RN×V×CT into the same

subspace using a spatial-shared orthogonal basis Bshared
s ,

which serves as a prerequisite for effective interaction. Un-
like linear orthogonal projection, the projection coefficients
Ac

s and Af
s of the shared orthogonal basis Bshared

s are
learned through a MLP layer. This ensures the dynamism
and adaptability of cross-granularity interactions while al-
leviating the strong constraints of orthogonal disentangle-
ment. Finally, we utilize the projection coefficients to per-
form a weighted summation of the shared basis vectors,
resulting in the cross-granularity supplementary features
Ac

s · Bshared
s and Af

s · Bshared
s . This process can be ex-

pressed as follows:

Xc
s = Xc

s +Ac
s ·Bshared

s , Ac
s = MLP (Xc

s ) ,

Xf
s = Xf

s +Af
s ·Bshared

s , Af
s = MLP

(
Xf

s

)
.

(4)

Since coarse-grained features and fine-grained features
are encoded using the same orthogonal basis Bshared

s ,
Bshared

s serves as a medium for interaction between the
two. In particular, the shared orthogonal basis provides a
common projection space for features of different granular-
ities, allowing them to be projected and aligned on the same
basis vectors. These basis vectors capture the latent corre-
lations between features, enabling the identification of their
common variation patterns and assisting the model in un-
derstanding the complementary information between them.

3.3. Hierarchical Prototype Contrastive Learning
Coarse-grained features can represent the overall patterns
of actions and aid in distinguishing the action parent class,
such as the jump class in rhythmic gymnastics. In contrast,
fine-grained features can capture the detailed distinctions
among the various child classes of the jumping class. This
motivates us to utilize the class hierarchy to guide the learn-
ing of both coarse-grained and fine-grained features.
Hierarchical Discovery. In skeleton-based action recogni-
tion, most datasets typically provide only the finest-grained
labels without predefined hierarchical structures, making
it difficult to directly infer the hierarchical relationships
among action classes. Since classes at the same level often
exhibit high semantic similarity, we can leverage the sim-
ilarity of embedded features between samples to uncover
the hierarchical structure. Specifically, we employ the K-
Means clustering algorithm to cluster the fine-grained fea-
tures into K parent classes, resulting in a cluster assignment
matrix S ∈ RK×Nc , where Nc represents the total num-
ber of classes in the dataset. The cluster assignment ma-
trix S reflects the hierarchical relationships across different
classes.
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Soft and hard prototypes. To ensure that the parent-
child hierarchical relationships guide the learning of coarse-
grained and fine-grained features, we propose the concepts
of hard prototypes and soft prototypes, as shown in Fig-

ure 3(a). Hard prototypes
{
P hard

n ∈ RD
}Nc

n=1
are de-

signed to represent the distinctive fine-grained characteris-
tics of each class, ensuring clear separability between sub-

classes. Conversely, soft prototypes
{
P soft

n ∈ RD
}Nc

n=1
are designed to incorporate the hierarchical relationships
between classes, extracting shared semantic features that re-
flect broader, coarse-grained patterns. By combining hard
and soft prototypes, our approach effectively captures both
the fine-grained nuances and coarse-grained similarities be-
tween classes, resulting in facilitating the disentanglement
of coarse-grained and fine-grained features. Specifically,
we maintain these prototypes using a momentum update ap-
proach:

P hard
n ← (1−α)·

∑
i∈sn 1 (plogits > t) ·Xf

D,i∑
i∈sn 1 (plogits > t)

+α·P hard
n ,

(5)

P soft
n ← (1−α) ·

∑
i∈{sn}Nc

n=1

Sk,n ·Xc
D,i +α ·P soft

n , (6)

where n represents the n-th action class. α is the momen-
tum term, we set it to 0.9 by experience. sn is the sample
set of class n in the current batch. 1 (·) is the indicator
function. When the logits probability of sample i is greater
than the threshold, 1 (plogits > t) = 1, and when it is less
than the threshold, 1 (plogits > t) = 0, that is, the sample
does not participate in the update of the prototype represen-
tation. Xc

D,i ∈ RD and Xf
D,i ∈ RD are the coarse-grained

feature and the fine-grained feature after GAP and FC, re-
spectively. Sk,n represents the element at the (k, n) position
of the cluster assignment matrix after applying row softmax,
indicating the probability that the n-th subclass belongs to
the k-th parent class. This value indirectly reflects the se-
mantic similarity between classes. To mitigate the effects
of class imbalance, we normalize Sk,n by the number of
samples in n-th subclass.

Hard prototypes are computed using high-confidence
fine-grained features from the same class samples, which
effectively reduces noise interference and enhances intra-
class consistency of the prototypes. Soft prototypes are ob-
tained by weighting the coarse-grained features of all sam-
ples in the batch, representing the inter-class similarity. It
is noteworthy that soft prototypes are not prototypes for the
K parent classes but are coarse-grained feature prototypes
for the Nc subclasses, reflecting the high-level semantics of
each class. Consequently, soft prototypes belonging to the
same parent class will exhibit similarity, but they will not
be identical, ensuring inter-class resolution.
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Figure 3. Illustration of our proposed HiPCL. (a) Hard proto-
types are calculated as the average of high-confidence similar sam-
ples. While soft prototypes are obtained by a weighted summation
of all class samples in the batch, using weights from the clustering
assignment matrix. (b) Soft prototype weighted contrastive loss.
(c) Standard prototype contrastive loss.

Soft prototype weighted contrastive loss. We employ the
standard prototype contrastive loss Lhard to ensure that the
fine-grained features are close to the hard prototype of their
respective class while distancing themselves from the hard
prototypes of other classes. In contrast, we propose a soft
prototype weighted contrastive loss Lsoft to facilitate the
learning of coarse-grained features. Lsoft considers soft
prototypes from all categories and assigns greater weight to
those with stronger correlations, as determined by the clus-
ter assignment matrix. Therefore, we represent Lsoft as
a weighted sum of multiple standard prototype contrastive
losses. Lhard and Lsoft can be expressed as:

Lhard= −
1

N

N∑
i=1

log
exp

(
Xf

D,i · P
hard
n /τ

)
∑

l ̸=n exp
(
Xf

D,i · P
hard
l /τ

) , (7)

Lsoft= −
1

N

N∑
i=1

Nc∑
n=1

Sk,n·log
exp

(
Xc

D,i · P
soft
n /τ

)
∑

l ̸=n exp
(
Xc

D,i · P
soft
l /τ

) ,
(8)

where Xc
i and Xf

i are the coarse-grained and fine-grained
features, respectively. τ is the temperature coefficient. Sk,n

is the clustering assignment weight obtained after applying
the softmax function.
Feature refinement. The coarse-grained and fine-grained
features mentioned in this section are all obtained after spa-
tiotemporal addition fusion, as demonstrated in Figure 2(d).
The coarse-grained and fine-grained features are input into
the Gc and Gf blocks for further refinement. Both blocks
consist of two layers of spatiotemporal feature extraction,
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using the same GCN-TCN architecture as the final layer of
the backbone. Gc and Gf core role is to establish indepen-
dent optimization paths for feature at each granularity and
learn a representation space that aids disentanglement. We
will discuss the role of the refinement module in the Sup-
plementary Material C.2.

3.4. Training Objective
To effectively utilize both coarse-grained and fine-grained
features, we combine them by summing, resulting in a fused
feature Xfuse that outputs the action class. We use cross-
entropy loss to optimize the fusion feature Xfuse. Addi-
tionally, we employ the cross-entropy loss Lb to supervise
Xembed, providing intermediate supervision to establish the
initial feature space, which aids in decoupling and stabiliz-
ing training. Finally, the full learning objective function can
be expressed as:

L = λb ·Lb+λfuse ·Lfuse+λhard ·Lhard+λsoft ·Lsoft,
(9)

4. Experiments
4.1. Datasets
FineGYM. FineGYM [32] is a large-scale fine-grained ac-
tion recognition dataset for gymnastic videos, containing
29,000 videos across 99 fine-grained gymnastics action
classes. The intricate interplay of flips, twists, and holds
in gymnastic actions creates significant recognition ambi-
guities. We follow the previous method [8, 21] to extract
the skeleton data.
FSD-10. FSD-10 [20] is a fine-grained figure skating
dataset with 1,484 clips, capturing 10 men/ladies’ actions
at 30 fps (1080×720). Each sample includes 1,500 frames
and 25 skeleton joints. The subtle combinations of jumps,
spins, and steps significant recognition challenges.
NTU RGB+D. NTU RGB+D [31] is a large-scale action
recognition dataset with 56,800 skeleton sequences per-
formed by 40 volunteers across 60 classes. Each sequence
is captured by Microsoft Kinect v2. It offers two bench-
marks: X-Sub and X-View.
NTU RGB+D 120. NTU-RGB+D 120 [18] is an exten-
sion of the original NTU RGB+D 60 dataset, incorporat-
ing an additional 57,367 action samples, resulting in a to-
tal of 113,945 skeleton action samples categorized into 120
classes, with contributions from 106 distinct subjects. It
provides two benchmarks: X-Sub and X-Set.

4.2. Implementation Details
We implement our method with PyTorch framework and
perform all experiments on one RTX4090D GPU. We train
our models using SGD with a momentum of 0.9 and weight
decay of 0.0004. The batch size is set to 64 and the base
learning rate is set to 0.1. For NTU RGB+D and NTU

RGB+D 120, the learning rate decays with a factor of 0.1
at epoch 35, 55 and 75 for 130 epochs. The number of clus-
tering classes K is set to 40 and 80, respectively. For Fine-
GYM and FSD-10, the learning rate decays with a factor of
0.1 at epoch 35, 65 and 95 for 120 epochs, with K set to 60
and 5, respectively. The hyper-parameters in our methods
are set as: λb = 0.5, λfuse = 1, λhard = 1, λsoft = 0.5.

4.3. Comparison with State-of-the-Arts Methods
Overall performance comparison. We conduct a compar-
ison with the state of-the-art methods on FineGYM, FSD-
10 and NTU RGB+D 60/120 datasets to demonstrate the
competitive ability of our proposed method. Following the
previous approach [14], we adopt the six-way ensemble
method to report the results. Comparisons for each dataset
are shown in Table 1. Our model achieves state-of-the-
art performance with a large margin on the fine-grained
datasets FineGYM and FSD-10. On the coarse-grained
datasets NTU RGB+D 60/120 datasets, our method also
outperforms the SOTA models, suggesting that our method
effectively balances coarse- and fine-grained features.
Fine-grained analysis on confusing actions. To further
illustrate that our method alleviates the interference of
coarse-grained features on fine-grained features, we present
the recognition results for some easily confusing actions in
Table 2. According to the classification results of CTR-
GCN [5], we partition the NTU60 dataset into three sub-
datasets based on difficulty: actions with accuracy below
70% are classified as hard set, those between 70% and 90%
as medium set, and those above 90% as easy set. The
hard set typically contains confusing actions. We compared
our method with three other methods on these subdatasets.
The results in the first three rows of Table 2 show that
our method improves performance across all subdatasets,
achieving the highest increase of 3.9% in the hard dataset.
The last four rows indicate that our method improved by
over 4% for all four classes of confusing actions. These
results indicate that our method provides a significant ad-
vantage in distinguishing confusing action classes.

4.4. Ablation Studies
We conduct ablation studies using joint modality on the Fin-
eGYM dataset, which contains more fine-grained samples.
We build the baseline with the backbone proposed in [14]
and train it using cross-entropy loss. In addition, we pro-
vide more experimental results in supplementary materials.
Effectiveness of granularity disentanglement. To ver-
ify the effectiveness of granularity disentanglement module,
we gradually add the components to baseline model to con-
duct comparative experiments. Specifically, we set up four
model variants: (1) using only spatial granularity-aware
bases; (2) using only temporal granularity-aware bases; (3)
using both spatial and temporal granularity-aware bases;
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Method FineGYM FSD-10 NTU RGB+D NTU RGB+D NTU RGB+D 120 NTU RGB+D 120
X-Sub X-View X-Sub X-Set

ST-GCN [38] 86.7 84.2 81.5 88.3 - -
2s-AGCN [33] - 88.2 88.5 95.1 82.9 84.9
MS-G3D [22] 92.0 88.7 91.5 96.2 86.9 88.4
MS-G3D++ [9] 92.6 - 92.2 96.6 87.2 89.0
CTR-GCN [5] 91.9 90.6 92.4 96.8 88.9 90.6
InfoGCN [7] 92.0 91.8 93.0 97.1 89.8 91.2
PoseC3D [9] 94.3 - 94.1 97.1 86.9 90.3
FR-Head [42] - - 92.8 96.8 89.5 90.9
WDCE-Net [3] 93.9 - 93.0 97.2 - -
MDR-GCN [21] 94.5 94.2 92.8 97.2 89.8 91.3
HD-GCN [14] 94.6 94.5 93.4 97.2 90.1 91.6
DS-GCN [36] 93.4* 94.2* 93.1 97.5 89.2 91.1
BlockGCN [43] 94.5* 94.8* 93.1 97.0 90.3 91.5

HiOD (4-ensemble) 96.1 95.6 93.6 97.4 90.2 91.6
HiOD (6-ensemble) 96.3 95.9 93.8 97.6 90.4 91.9

Table 1. Comparisons of the top-1 accuracy(%) against SOTA methods on the FineGYM, FSD-10, NTU RGB+D, and NTU RGB+D 120.
We use * to denote results reproduced by ourselves.

CTR-GCN FR-Head HD-GCN
Ours

[5] [42] [14]

NTU60-Hard 63.2 65.1 66.3 70.2↑3.9
NTU60-Medium 83.8 85.4 85.1 86.2↑1.1
NTU60-Easy 94.8 95.3 95.2 95.5↑0.3

Reading 65.2 63.0 63.7 68.5↑4.8
Writing 58.8 59.2 62.1 66.2↑4.1
Play with phone 65.5 65.8 70.2 76.0↑5.8
Sneeze/Cough 76.7 73.2 76.5 80.5↑4.0

Table 2. Comparison of classification accuracy of three sub-
datasets and four confusing action classes

Methods S T Shared Acc(%)
Baseline % % % 92.4
+ S ! % % 93.0
+ T % ! % 92.9
+ S + T ! ! % 94.1

+ Channel Split % % % 92.7
+ FC heads % % % 92.9
+ DWT % % % 92.8

+ S + T + Shared ! ! ! 94.4

Table 3. Comparison of classification accuracy for effective-
ness of granularity disentanglement. ‘S’ and ‘T’ represent the
granularity-aware bases of spatial and temporal dimension respec-
tively, and ‘Shared’ represents the shared orthogonal bases for
cross-granularity interaction.

and (4) combining both spatial-temporal granularity-aware
bases and shared orthogonal bases. Both the fused coarse-
grained and fine-grained features are optimized using the hi-
erarchical prototype contrastive learning strategy proposed
in Section 3.3. The experimental results in Table 3 show
that all these components help improve the baseline per-
formance. Furthermore, when combined, they yield even
better results, enhancing baseline performance by 2.0%.

In addition, we compare our granularity disentanglement
module with three other typical disentanglement methods.
‘Channel split’ refers to decoupling features by dividing the
channels. ‘FC heads’ denotes the decoupling of features by
mapping the original data into different subspaces via fully
connected layers. ‘Wavelet’ involves decomposing features
into high and low frequencies using Discrete Wavelet Trans-
form. The experimental results in Table 3 show that our
method has certain advantages over the other three disen-
tanglement methods.
Effectiveness of hierarchical prototype contrastive
learning. For the optimization strategies of coarse-grained
and fine-grained features, we set up four comparison
schemes, as shown in Table 4. When both coarse-grained
and fine-grained features are optimized using cross-entropy
loss (ID 1) or hard prototype contrastive loss (ID 2), the per-
formance is poor. Because these two loss functions are in-
herently ‘hard’ losses and cannot effectively capture the hi-
erarchical relationships between classes. The performance
improves when soft prototypes are constructed for coarse-
grained features (ID 3), with optimal results achieved when
the soft prototype is combined with weighted contrastive
loss (ID 4). This indicates that the soft prototype provides a
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ID Methods Acc(%)
Coarse Fine

1 CE CE 93.3
2 HP + PCL HP + PCL 93.6
3 SP + PCL HP + PCL 93.8
4 SP + WPCL HP + PCL 94.4

Table 4. Comparison of classification accuracy for effectiveness of
hierarchical prototype contrastive learning. ‘CE’ is cross entropy
loss. ‘HP’ is hard prototype. ‘SP’ is soft prototype. ‘PCL’ is stan-
dard prototype contrast loss. ‘WPCL’ is soft prototype weighted
contrastive loss.
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Figure 4. t-SNE visualization of CTR-GCN [5], HD-GCN [14],
and our method on the FineGYM dataset. The left column shows
all 99 classes, the middle column shows on classes 2, 3, and 4,
while the right column shows classes 74, 75, 76, 86, and 88.
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Figure 5. Accuracy difference (%) between our method and CTR-
GCN [5] on 99 classes in the FineGYM dataset.

high-level semantic information to some extent, facilitating
the learning of coarse-grained features. Furthermore, the
weighted contrastive loss fully accounts for all similarity
class prototypes, allowing the network to learn high-level
hierarchical representations from samples of all classes.

4.5. Qualitative Results
t-SNE visualization. We use t-SNE to visualize some con-
fusing action classes in the feature space, as shown in Figure
4. Compared to the other two methods [5, 14], our method
more effectively delineates classification boundaries, im-
proves intra-class compactness, and enhances the classifica-
tion accuracy for fine-grained actions. In addition, Figure 5
illustrates the classification accuracy difference between our
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Figure 6. (a) Visualization of granularity disentanglement. (b)
The impact of basis vector masking on fused features. Class 3 and
Class 4 are fine-grained classes that are easily confused.

method and CTR-GCN on the FineGYM dataset, highlight-
ing that our method significantly enhances recognition ac-
curacy across most classes. For a detailed description of the
action labels, please refer to Supplementary Material A.2.
Visualization of the role of granularity-aware bases. We
visualize the disentanglement of coarse-grained and fine-
grained features in Figure 6(a), and the results indicate that
the coarse-grained and fine-grained features can be effec-
tively separated. To further investigate the specific roles
of different granularity-aware bases, we set 85% of the
projection coefficients of the spatial and temporal coarse-
or fine-grained bases to zero during the inference phase.
Figure 6(a) shows that masking a granularity basis vec-
tor increases confusion in the corresponding granularity
features, while the other granularity features remain unaf-
fected. Figure 6(b) illustrates the changes in the distribution
of fused features used for classification results. Notably,
masking fine-grained bases makes similar classes harder to
distinguish (e.g., class 3/4), while masking coarse-grained
bases reduces separability between previously distinguish-
able classes (e.g., class 7/4). This indicates that differ-
ent granularity-aware bases encode semantic information at
varying levels, with coarse-grained bases capturing signif-
icant action differences and fine-grained bases focusing on
subtle distinctions.

5. Conclusions

In this paper, we proposed a Hierarchical-aware Orthog-
onal Disentanglement (HiOD) framework for fine-grained
skeleton-based action recognition. Our method disen-
tangles coarse- and fine-grained features using indepen-
dent granularity-aware bases and enhances their interaction
through a cross-granularity mechanism. Additionally, hi-
erarchical prototype contrastive learning improves coarse-
grained feature learning using class hierarchy, while en-
suring fine-grained distinguishability. Experiments on Fin-
eGYM, FSD-10, NTU RGB+D, and NTU RGB+D 120
datasets demonstrate the superiority of our method.
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