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Abstract—Zero-shot skeleton-based action recognition aims to
classify unseen skeleton-based human actions without prior expo-
sure to such categories during training. This task is extremely
challenging due to the difficulty in generalizing from known
to unknown actions. Previous studies typically use two-stage
training: pre-training skeleton encoders on seen action categories
using cross-entropy loss and then aligning pre-extracted skeleton
and text features, enabling knowledge transfer to unseen classes
through skeleton-text alignment and language models’ gener-
alization. However, their efficacy is hindered by 1) insufficient
discrimination for skeleton features, as the fixed skeleton encoder
fails to capture necessary alignment information for effective
skeleton-text alignment; 2) the neglect of alignment bias between
skeleton and unseen text features during testing. To this end,
we propose a prototype-guided feature alignment paradigm
for zero-shot skeleton-based action recognition, termed PGFA.
Specifically, we develop an end-to-end cross-modal contrastive
training framework to improve skeleton-text alignment, ensuring
sufficient discrimination for skeleton features. Additionally, we
introduce a prototype-guided text feature alignment strategy
to mitigate the adverse impact of the distribution discrepancy
during testing. We provide a theoretical analysis to support our
prototype-guided text feature alignment strategy and empirically
evaluate our overall PGFA on three well-known datasets. Com-
pared with the top competitor SMIE method, our PGFA achieves
absolute accuracy improvements of 22.96 %, 12.53 %, and 18.54 %
on the NTU-60, NTU-120, and PKU-MMD datasets, respectively.

Index Terms—Zero-shot, skeleton-based action recognition,
contrastive learning, distribution discrepancy, prototypical
learning.
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I. INTRODUCTION

KELETON-BASED action recognition aims to classify

human actions based on the movements of skele-
tal joints. It offers notable advantages in robustness to
appearance variations and privacy preservation compared to
RGB-based methods [1], [2], [3], [4], [5], [6], [7], [8],
[9], [10], [11], making it applicable in various domains,
including human-robot interaction [12], [13], healthcare and
rehabilitation (e.g., fall detection) [14], [15], and sports
analysis [16].

Despite the significant progress achieved by existing fully
supervised deep learning methods on this task [17], [18], [19],
[20], [21], [22], [23], [24], [25], [26], [27], [28], handling
numerous action classes in real-world scenarios is uneco-
nomical due to the high cost of annotating and labeling
3D video skeleton action data. Each annotated action clip
requires costly spatiotemporal segmentation, posing practical
limitations on scalability [29]. This necessitates effective zero-
shot skeleton-based action recognition methods [30], [31],
[32], [33] to overcome these challenges, enabling accurate
action recognition without the extensive need for labeled data
of new actions.

Zero-shot skeleton-based action recognition methods rec-
ognize and classify unseen human actions using skeletal data
without prior exposure to such categories during training. This
approach leverages knowledge transfer from previously seen
actions to recognize new, unseen actions, thereby mitigat-
ing the need to collect or annotate new actions. However,
this task is challenging due to the following primary dif-
ficulties. 1) The subtle differences between similar actions
require highly discriminative models to distinguish them accu-
rately [33]. 2) The substantial variance in human actions
makes it difficult to generalize from known to unknown
actions [32].

Existing zero-shot skeleton-based action recognition meth-
ods [30], [31], [32], [33] typically use a pre-trained text
encoder to extract text features of action classes, which are
then matched with skeleton features to predict the action class
of the input skeleton sequence. This approach is adopted
because text descriptions encapsulate rich semantic informa-
tion that aids in generalizing to unseen action categories
[32]. Previous methods generally follow a two-stage training
framework, as shown in Fig. 1(a). Initially, they train a
skeleton encoder using cross-entropy loss on data from seen
action categories. Afterward, the skeleton encoder is fixed and
used to extract skeleton features. Concurrently, they use a
pre-trained text encoder to extract text features from class
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Ilustration of traditional framework and our framework for zero-shot skeleton-based action recognition. (a) Traditional training framework. “CE

Loss” denotes the cross-entropy loss. (b) Traditional testing framework. Unseen skeleton samples are classified by calculating similarity with text features
of unseen classes (i.e., prediction based on the highest similarity score). However, due to the distributional shifts from seen to unseen classes, alignment
bias between skeleton features and unseen text features is inevitable. (¢) Our training framework. Unlike the traditional two-stage training framework, our
end-to-end training framework significantly enhances training efficiency and avoids potential inconsistencies arising from independently trained components.
(d) Our testing framework. Compared to the traditional testing framework, our testing framework leverages prototype features derived from the unseen skeleton
feature distribution to replace unseen text features. It mitigates the negative impact of alignment bias between skeleton features and unseen text features.

name [30], [32], descriptions [32], [33], or part-of-speech
tagged words [31]. These text and skeleton features are used
to train an alignment module to map the text and skeleton
features into the same semantic feature space for seen action
categories. During testing, they compute similarities between
the skeleton features of test samples and the text features of
unseen classes and then obtain their predictions based on the
highest similarity score (see Fig. 1(b)).

Despite advances in these methods, several limitations
persist: 1) Insufficient discrimination in training: The
skeleton feature extractor, trained separately using the
“pretrained&fixed” two-stage framework, fails to capture
the intrinsic correlation between text and skeleton features
effectively. Even with the subsequent alignment module, it
struggles to produce discriminative skeleton features that align
well with the textual space due to potential inconsistencies
between the training modules in the two-stage process. Specif-
ically, the skeleton encoder extracts features from unseen
categories with insufficient discriminative power, resulting in a
small margin between different categories (see a visualization
of t-SNE in Fig. 7), making it difficult to match the text
representations correctly. 2) Alignment bias in testing: Dur-
ing testing, substantial distributional differences between seen
and unseen categories inevitably cause misalignment between
skeleton features and the corresponding unseen text features,
which we call alignment bias. Ignoring these distributional
differences during testing will severely hamper the model’s
generalization. Addressing this alignment bias to improve

zero-shot prediction capability remains an important yet unre-
solved challenge.

To address the above issues, we investigate how to improve
the alignment of the distributions of skeleton and text features
from both training and testing perspectives. In the training
phase, we seek to employ an end-to-end contrastive learn-
ing approach to improve cross-modal alignment, ensuring
sufficient discrimination for skeleton features. The fundamen-
tal idea behind contrastive learning is to ensure intra-class
compactness by pulling together similar instances while push-
ing apart dissimilar ones [34], showing great potential in
cross-modal alignment tasks [35], [36], [37], [38]. Moreover,
the end-to-end manner reduces the potential inconsistencies
from independently trained components and enables efficient
optimization within a single unified framework. Benefiting
from these merits, we propose an end-to-end cross-modal
contrastive training framework. This framework avoids
the limitations associated with pre-training skeleton encoders
using cross-entropy loss by employing contrastive training
with high-quality pre-extracted text features in an end-to-
end manner. Additionally, we explore four action description
generation methods to create diverse text inputs using pre-
trained large language models. This approach aims to acquire
higher-quality text features, thereby improving skeleton-text
alignment and enhancing the zero-shot recognition perfor-
mance.

In the festing phase, we seek an effective prototypical
learning approach to alleviate the adverse impact of the distri-
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bution discrepancy between unseen and seen action categories.
Prototypical learning has proven to be a highly effective
strategy for few-shot learning [39], [40] and domain adaptation
[41], [42], [43]. When skeleton features of unseen classes
exhibit modest intra-class compactness, selecting and creating
prototype features from these skeleton features can provide
better alignment with unseen skeleton features than using
the original unseen text features. Since prototype features are
derived from the distribution of unseen skeleton features, they
better represent the central tendency of the unseen classes,
leading to more consistent and robust alignment compared to
isolated unseen text features. To achieve this, we propose a
prototype-guided text feature alignment strategy, adjusting
the unseen text features to better align with the skeleton
features. Initially, we obtain the pseudo-label of each skeleton
sequence based on its similarity to the original unseen text
features. To reduce the impact of mislabeling and noise, we
introduce a filtering mechanism that selects skeleton features
with high confidence, thereby improving the accuracy of
subsequent prototype creation. We then create prototypes for
each unseen class by calculating the centroid of the high-
confidence features. Finally, we reclassify each test sample
based on its similarity to the prototype feature of each unseen
class. By using dynamically derived prototypes instead of
static unseen text features, we address the alignment bias issue
and enhance the model’s generalization.

We integrate the aforementioned training and testing frame-
works into a paradigm, termed prototype-guided feature
alignment paradigm for zero-shot skeleton-based action
recognition (PGFA). We qualitatively and quantitatively eval-
uate our PGFA on NTU-60, NTU-120, and PKU-MMD
datasets. Experimental results demonstrate that our PGFA
achieves absolute accuracy improvements of 22.96%, 12.53%,
and 18.54% on the NTU-60, NTU-120, and PKU-MMD
datasets, respectively, compared with the top competitor SMIE
[32]. Our contributions are summarized as follows:

e We propose a prototype-guided feature alignment
paradigm for zero-shot skeleton-based action recogni-
tion, termed PGFA, to mitigate issues of insufficient
discrimination and alignment bias during training and
testing. Extensive experiments demonstrate the superior
performance of PGFA in zero-shot action recognition.

e We introduce an end-to-end cross-modal contrastive
training framework to ensure sufficient discrimination
for skeleton features. Unlike traditional two-stage frame-
works, our end-to-end approach enhances training effi-
ciency and ensures intra-class compactness by aligning
skeleton and text features for the same category while
promoting dissimilarity for different categories. Addition-
ally, we explore four description generation methods to
improve skeleton-text alignment. Qualitative and quanti-
tative results validate the effectiveness of our framework
in enhancing skeleton feature discrimination and skeleton-
text alignment.

e We propose a prototype-guided text feature alignment
strategy to alleviate alignment bias between skeleton and
unseen text features during testing. To the best of our
knowledge, we are the first to improve skeleton-text align-
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ment during testing for zero-shot skeleton-based action
recognition. Theoretical and empirical results demonstrate
the effectiveness of this strategy in mitigating the negative
impact of alignment bias.

II. RELATED WORK
A. Skeleton-Based Action Recognition

With the rise of accurate depth sensors like Kinect cameras
and pose estimation algorithms, skeleton-based action recog-
nition is gaining attention.

In earlier times, Recurrent Neural Networks (RNNs) are
applied to handle skeleton sequences [44], [45], [46]. Drawing
inspiration from the achievements of Convolutional Neural
Networks (CNNs) in image-related tasks, 2D-CNN-based
methods [20], [47], [48], [49] initially represent the skeleton
sequence as a pseudo image and employ CNNs to model
relationships between skeletal joints. PoseConv3D [26] is the
first to apply 3D-CNNs to skeleton-based action recogni-
tion. It utilizes a 3D heatmap volume to represent human
skeletons, offering a novel perspective in capturing spatial-
temporal dynamics of human actions. Graph Convolutional
Network (GCN)-based methods [17], [18], [19], [21], [22],
[23], [24], [25], [27], [28], [50] have gained significant
attention for representing human joints as graph nodes and
their connections through adjacency matrices. ST-GCN [17]
introduces a spatial-temporal graph convolutional approach
to capture human joint relationships across both spatial and
temporal dimensions, using predefined spatial graphs reflecting
the body’s natural joint connections and temporal edges for
consecutive frames. Shift-GCN [50] advances skeleton-based
action recognition by leveraging shift graph convolutional
networks, enabling efficient spatial and temporal joint relation-
ship modeling without the computational burden of traditional
convolutions. Recent interest in transformers [51], [52] lead to
exploring transformer-based methods [53], [54], [55] for skele-
ton data. STST [55] introduces a Spatial-Temporal Specialized
Transformer, effectively modeling skeleton sequences by
employing distinct joint organization strategies for spatial and
temporal dimensions, capturing skeletal movements efficiently.
In this paper, we utilize ST-GCN [17] and Shift-GCN [50] as
skeleton encoders to extract features following SMIE [32]. Our
method enables the replacement of the skeleton encoder with
various network architectures for training.

B. Zero-Shot Skeleton-Based Action Recognition

Despite the advancements made in skeleton-based action
recognition, the existing methods [30], [31], [32], [33]
explored in zero-shot skeleton-based action recognition remain
limited. Jasani et al. [30] are the first to explore zero-shot
skeleton-based action recognition. They extend DeViSE [56]
and RelationNet [57] to skeleton-based action recognition by
extracting skeleton features with ST-GCN pre-trained on seen
classes and text embeddings with Word2Vec [58] or Sentence-
Bert [59]. Gupta et al. [31] introduce the SynSE method,
which incorporates a generative multi-modal alignment mod-
ule to align skeleton features with parts of speech-tagged
words. They use additional PoS syntactic information to
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classify labels into verbs and nouns, finding that sepa-
rately extracted text embeddings enhance generalization. Their
proposed SynSE outperforms their reimplemented baseline
methods, including ReViSE [60], JPoSE [61], and CADA-
VAE [62], in zero-shot prediction capabilities. The above
methods map the skeleton or text features to fixed points
in the embedding space, which does not consider the global
distribution of the semantic features. To address this issue,
Zhou et al. [32] propose the SMIE method, which incorporates
a global alignment module to estimate the mutual information
between skeleton and text features, along with a temporal
constraint module to capture the inherent temporal information
of actions. Recently, Zhu et al. [33] propose the PURLS
framework, which introduces a sophisticated text prompting
module and a novel skeleton partitioning module to generate
aligned textual and skeleton representations across different
levels. Our method differs from previous approaches [30],
[31], [32], [33] in two key aspects: (1) Training: We use
an end-to-end training framework that aligns skeleton and text
features via direct cross-modal contrastive learning, unlike the
commonly used two-stage training frameworks, such as SMIE
[32], which pre-trains with cross-entropy loss and fixes the
skeleton encoder. (2) Testing: During testing, our prototype-
guided text feature alignment strategy adapts the unseen text
features to better align with the skeleton features, which is a
significant improvement over prior methods that rely on static
unseen text features.

C. Multi-Modal Representation Learning

Recently, multi-modal representation learning methods such
as CLIP [35] and ALIGN [63] have gained significant atten-
tion for demonstrating that vision-language co-training can
develop robust representations for downstream tasks, including
zero-shot image classification and text-image retrieval. Sub-
sequently, multi-modal representation learning has excelled
in other fields, including video understanding [36], [64], 3D
point cloud understanding [37], [38], [65], and 3D human
action generation [66]. ActionCLIP [36] adapts CLIP’s train-
ing scheme for video action recognition by incorporating
additional transformer layers into a pre-trained CLIP model
for temporal modeling of video data. ULIP [37] and CG3D
[38] enhance 3D point cloud understanding by learning a
unified representation across images, texts, and point clouds.
MotionCLIP [66] aligns human action latent space with CLIP
latent space for 3D human action generation. In the field of
skeleton-based action recognition, the fully supervised GAP
[67] method first utilizes generative prompts and a multi-modal
training paradigm to guide action recognition. GAP employs
the alignment of skeleton and text modalities as an auxiliary
task to assist supervised learning, primarily utilizing multi-
part contrastive learning based on parts descriptions of the
human body in motion. In contrast to GAP, the work most
closely related to ours, our method mainly differs in two
key aspects. First, the alignment of skeleton and text features
in our method is not an auxiliary task; without the support
of supervised learning, the parts descriptions used by GAP
may not be suitable in zero-shot scenarios (cf. Section IV-E).
Second, beyond aligning skeleton and text features of seen
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Algorithm 1 Training Scheme for PGFA

Input: The training dataset D, = {(x%,t5)}Ys, the pre-
trained text encoder FE,, the batch size B, the number
of training epochs 7.
Output: The skeleton encoder E, and the projection layer .
1: for j=1,....,T do
2. for each batch {(x¢,t5)}2 | C D; do
3: Calculating the training loss Ly, via Eq. (5).
4 Updating the skeleton encoder E, and the projection
layer 1) by minimizing Lk ..
5:  end for
6: end for

action classes, we introduce a prototype-guided text feature
alignment strategy that adjusts unseen text features for better
alignment with skeleton features.

D. Prototypical Learning

Prototypical learning involves learning class prototypes to
represent class features for classification tasks. It has been
widely applied in few-shot learning [39], [40], semi-supervised
learning [68], and domain adaptation [41], [42], [43], where it
effectively handles limited labeled data and evolving learning
tasks by leveraging prototype-based classification. Snell et al.
[39] propose Prototypical Networks for few-shot classification,
utilizing prototype representations of each class in a learned
metric space to achieve excellent results. Xu et al. [68] propose
a novel approach for semi-supervised semantic segmentation
that addresses intra-class variation by regularizing within-class
feature distribution, leveraging consistency between linear
and prototype-based predictors to encourage proximity to
within-class prototypes while maintaining separation from
between-class prototypes. Iwasawa et al. [43] propose T3A,
which improves model robustness to distribution shifts by
adjusting classifiers during test time using pseudo-prototype
representations. Lin et al. [42] proposed ProCA, which effec-
tively aligns domains and preserves prior knowledge through
label prototype identification and prototype-based alignment
and replay strategies. However, while prototypical learning in
most existing methods typically focuses on known classes, our
approach concerns prototypical learning for unknown classes.

III. PROPOSED METHODS
A. Problem Formulation and Method Overview

We aim to address zero-shot skeleton-based action recogni-
tion, where the model is trained on seen classes and tested on
disjoint unseen classes. In this context, we define the training
set as Dy = {(x}, )}, where N, denotes the number of
training samples, x; and f/ denote a skeleton sequence and
the corresponding action description from seen classes, respec-
tively. Similarly, we define the testing set as D, = {(x}, ! }ﬁ\;“] ,
which includes N, testing samples, with x¥ and # representing
a skeleton sequence and the corresponding action description
from unseen classes, respectively. In the zero-shot setting [32],
we have each 1] € T¢, ! € T", and T°NT" = @, where T* and
T* denote action descriptions set of seen and unseen classes,
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Fig. 2. Training framework of proposed PGFA. During training, we employ contrastive cross-modal training in an end-to-end manner to simultaneously train
a skeleton encoder and a projection layer, aiming to learn a unified representation space for skeleton sequences and text.

Class Name:
Drink water

Parts Description:
Drink water: head tilts back slightly; hand grasps cup; arm lifts cup to mouth;
hip remains stationary; leg remains stationary; foot remains stationary.

Complete Description:
“Drink water” refers to the act of taking in water by mouth to hydrate or
quench thirst as a human action.

Skeleton-focused Description:

In the "Drink water" action sequence, the skeletal motion begins with the upper
limb, particularly the shoulder and elbow joints of one arm, elevating and
flexing to bring the hand upward towards the head level. The forearm and wrist
joints articulate to position the hand directly in front of the head. As the elbow
maintains flexion, there is slight stabilization noticeable in the shoulder girdle.
Concurrently, minimal adjustments in the spine and neck may align the head
slightly forward. Following this, the arm's motion reverses as it lowers back to
the starting position by extending at the elbow and lowering at the shoulder.

Fig. 3. Different descriptions of action “drink water”.

Algorithm 2 Testing Scheme for PGFA

Input: The testing dataset D,, the text encoder F,, the
skeleton encoder F, and the projection layer ).
Output: The final prediction set {g; } .
1: for each xj' € D, do
2:  Generating a pseudo label y; of x}' via Eq. (6).
3: end for
4: for each unseen class k =1,..., K do
5. Calculating a prototype feature c*** via Eq. (10).
6
7
8
9

. end for
: for each x{ € D, do

Generating a final predicted label y; of x}* via Eq. (11).
: end for

respectively. This task is challenging due to the potential
substantial variance between seen and unseen human actions,
but the subtle differences between similar actions.

To address this, we aim to learn a mapping between textual
and visual feature spaces to recognize new action categories
and propose a prototype-guided feature alignment paradigm
for zero-shot skeleton-based action recognition, called PGFA.
PGFA consists of 1) an end-to-end cross-modal contrastive
training framework, which learns a unified representation
space of skeleton sequence and text, as illustrated in Fig. 2

and Alg. 1, and 2) a prototype-guided text feature align-
ment strategy for testing, which adjusts the unseen text
features to align skeleton features better, as shown in Fig. 4
and Alg. 2.

B. End-to-End Cross-Modal Contrastive Training

To construct a mapping between textual and skeletal fea-
ture spaces, existing methods [30], [31], [32], [33] typically
involve pre-training skeleton encoders using cross-entropy
loss on seen classes, subsequently fixing them to extract
features from seen skeletons, which are then matched with
text features derived from a pre-trained text encoder. However,
this two-stage training often fails to generate discriminative
skeleton features that align effectively with the textual space,
thereby compromising generalization performance. Addition-
ally, numerous studies have criticized cross-entropy loss for its
lack of intra-class compactness and inadequate margins [69],
[70], [71], [72], which hinder subsequent modality alignment.
To address this, we introduce an end-to-end cross-modal
contrastive training framework for zero-shot skeleton-based
action recognition.

Formally, given an input skeleton sequence x; and a text
description of corresponding action f}, we first employ a
skeleton encoder E, and a text encoder E; to extract the
skeleton feature v; and text feature w; by:

Vi = Y(EA(X])),
w; = El(t;?)’

)
2

where  is a projection layer, ensuring the output dimension
of the skeleton feature and text feature are consistent. Inspired
by [35] and [36], we calculate the bidirectional softmax-
normalized similarity scores represented by:

X2t (oS exp(sim(vf, W;)/T)

Py (V) = - R 3)
’ 7 exp(sim(v}, w})/7)

pleX(w;s) — ;Xp(S]m(V;s wlg)/T) (4)

ijl exp(sim(vj, w)/7) ’

where sim(-, ) is the cosine similarity, 7 is a learnable tem-
perature parameter and B is batch size, b ranges from 1 to
B. Unlike the one-to-one image-text pairs in CLIP [35], our
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to the prototype feature rather than the text feature of each unseen class. For a detailed illustration of the prototype-guided text feature alignment, please refer

to Fig. 5.

~

Prototype-guided Text Feature Alignment

Class 1
A Text feature

Class 2
O Skeleton feature

Prototype of Clay

Fig. 5. Illustration of prototype-guided text feature alignment strategy. Class
1 and Class 2 represent two unseen classes. We illustrate the alignment
directions for text features within the feature space before alignment. After
alignment, we use the prototype features to replace the original text features
in constructing the decision boundaries.

----- Decision boundary

— Alignment direction

High-entropy samples 7 J Prototype of Class 1

(misclassified as Class 2)

task involves multiple positive matches within a batch, as
several samples may belong to the same action category. It
is not proper to regard this similarity learning as a 1-in-N
classification problem with InfoNCE loss [73]. Instead, we
utilize Kullback-Leibler (KL) divergence as the contrastive
loss for skeleton-text alignment learning:

B
EKL:% 37 [KL (p2 (v, m™) KL (p2(w), m>)], (5)
i=1

where p™'(v$)=[p}¥(v)),..., pi'(vD)] is the i-th row vector

of the whole similarity scores matrix. Similarly, p*(w?)
also denotes the i-th column vector of its similarity scores
matrix. mfz’ and mﬁz" represent the corresponding ground-truth
similarity scores vector, which assigns a probability of 1 for
positive pairs and a probability of O for negative pairs.

Note that Lg; is exclusively employed for training the
skeleton encoder E, and the projection layer . This is neces-
sitated by the limited number of skeleton-text pairs available
for training, which is insufficient to support the training of
the text encoder, unlike the ample training data used for
language or vision-language pre-training [35], [59]. Therefore,
we adopt a pre-trained large-scale language model (such as
Sentence-BERT [59]) as our text encoder E;, and we keep
the parameters of the text encoder fixed during training. To

save computational resources, we pre-extract text features to
eliminate the need for text encoder inference during training.

Action Description Generation. The quality of action
description is crucial for skeleton-text alignment learning. We
explore four action description generation methods in our zero-
shot settings. In Fig. 3, we present various generation methods
for generating the action “drink water”. The details of the four
methods are as follows.

(a) Class Name: One simple and quick solution is to
directly use the class name of the action as input for the
text encoder. Using this generation method within our training
framework serves as our baseline model. However, these
action names contain only a few words and cannot fully and
accurately describe the corresponding action semantics. Thus,
this method leads to limited zero-shot prediction capability
(as shown in our ablation studies). (b) Parts Description:
The fully-supervised model GAP [67] first uses generative
prompts for skeleton-based action recognition. The primary
action description in GAP is based on the parts description.
GAP leverages GPT-3 [74] to generate action descriptions
from different perspectives of body parts, including the head,
hand, arm, hip, leg, and foot. Although this generation method
demonstrates superior performance in supervised scenarios, its
effectiveness in zero-shot scenarios is uncertain. (c) Complete
Description: We follow the approach of SIME [32], expanding
each class name of action into a complete action description
using ChatGPT. This generation method can offer compre-
hensive descriptions of action semantics, which is crucial in
skeleton-text alignment learning. Finally, it is worth emphasiz-
ing that action description generation is not the primary focus
of our paper. We leave ample room for further improvements,
such as exploring more complex prompt engineering or prompt
tuning techniques. (d) Skeleton-focused Description: We use
ChatGPT with a carefully designed prompt to ensure the
output aligns closely with observable skeletal motion patterns.
The prompt is as follows: “Describe the skeletal motion pattern
of a human action sequence labeled [CLASS] in a video
in a single paragraph of fewer than 100 words. Focus only
on joint movements, avoiding References to objects, facial
expressions, or any unobservable body parts (e.g., mouth,
hair, and toes). Emphasize key joint displacements, relative
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limb movements, and the temporal progression of the action
based purely on skeletal data.” This prompt guides the LLM
to generate concise, motion-focused descriptions that exclude
irrelevant details and emphasize joint dynamics.

C. Prototype-Guided Text Feature Alignment

In this section, we first review the standard zero-shot testing
procedure and then introduce our prototype-guided text feature
alignment strategy.

1) Standard Zero-Shot Testing: For each test skeleton
sequence x!, the predicted action class y; is determined by
taking the argmax over the similarity scores with the unseen
semantic features:

¥; = argmax P(y; = k), (6)
k

exp(sim(v¥, w*k))

P =k) = .
Z;(:l exp(sim(v¥, w¥/))

)

where v = y(E,(x!)) denotes the skeleton feature of x, and
wk = E,(**) denotes the text features of /%, with ¥ € T"
representing the action descriptions of the unseen class k. Here,
T = {!, ..., K} is a set of action descriptions for unseen
classes, consisting of K action descriptions. In the zero-shot
setting, w** is not involved in training, so there is no guarantee
that it will align well with unseen skeleton features.

2) Prototype-Guided Text Feature Alignment Strategy: To
address the above issue, benefitting from the effectiveness
of prototypical learning [41], [42], [43] in transfer learning
scenarios, we propose a prototype-guided text feature align-
ment strategy to better align with unseen skeleton features in
a zero-shot setting. Specifically, we first acquire the pseudo
label y; of each skeleton sequence x} based on Eq. (6). Then
we create a prototype feature for each unseen class to replace
the corresponding unseen text feature, using skeleton features
whose pseudo-labels belong to that unseen class. To this end,
we create a support set S¥ for each unseen class k:

u
st =)V g —ki<N,ient! ®)

vl
where || - || denotes the L2 norm. N, denotes the number
of testing samples in the testing set. Intuitively, taking the
centroid of the support set S¥ as a prototype feature to replace
the unseen text feature w** can align well with the skeleton
features belonging to the unseen class k. However, inevitably,
some pseudo-labels are misassigned to incorrect classes, mak-
ing their utilization undesirable due to the introduction of noise
into the prototype feature. To tackle this issue, we use the
prediction entropy H(z) = — ) , P(y; = k | z)log P(§; = k | z)
to filter the element z = “‘VI—H in Sk, To be specific, we create

a final support set Z* for each seen class k:
7zt ={z|zeS" H@) <}, )

where 7* is the p*-th smallest entropy of the support set S,
with p* = |a - |S¥|] denoting the size of Z* and « € [0, 1]
being a tolerance margin. We can modify the size of Z* by
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the hyperparameter . The impact of « is illustrated in Fig. 6.
We define a prototype feature to replace w** as follows:

1
_ i k
i |Zk|2z, if 2" + @,

¢ = 27k

wu,k’

(10)
otherwise,

where ¢“¥ is the prototype feature of unseen class k. Note that
even if there exist no features belonging to Z¥, i.e., Zk = @,
the centroid of Z* can be reduced to the original text feature
w'* . Built upon the prototype features, We reclassify each test
skeleton sequence X! by:

exp(sim(v¥, ¢¥))

¥; = arg max . —,
' k Zle exp(sim(v¥, ¢#/))

(an

where J; denotes the final predicted action class of x.

3) Theoretical Analysis for Prototype-Guided Text Feature
Alignment Strategy: To elucidate the mechanism of our pro-
posed alignment strategy, we would like to analyze it from a
statistical view, making it easier to understand the core insights
of this method. To achieve this, we provide the following
theorem to give an intuitive explanation, where we do not
consider the filter operation on the support set Z¥ and Z* # @.
For simplicity, we denote the normalized skeleton feature of
the k-th class as v, where |[v¥|| = 1. The normalized features
are constrained to lie on the unit hypersphere. Therefore, we
assume that the features follow a von Mises—Fisher distribu-
tion [75], [76], which is considered a generalization of the
normal distribution to the unit hypersphere. This distribution’s
advantageous property in representing cosine similarity by dot-
products simplifies theoretical analysis.

Theorem 1: Assuming that the distributions of the K
classes of normalized skeleton feature v are from K von
Mises—Fisher distributions [75] with the same concentration
parameter  but different mean directions g, i.e., f,, (V; py, k) =
Cu(k) exp(KyZV), k=1,...,K, where C,(x) is a normalization
constant related to the concentration parameter x and feature
dimension d, and the k-th class of prototype feature is f1, =

3 i v
[l
oo, for Vv~ p,, m=1,...K, if k = argmax

1

which is a normalized ¢** in Eq. (10). Then, as n —

exp(sim(v,ft,))
K exp(sim(v.i;))°
we have

P(v|class k) > P(v|class ),V j # k. (12)

For the proof of Theorem 1, please refer to the supplemen-
tary. Theorem 1 shows that when the number of samples n
in Z is large, if a sample has the highest similarity to the
class center vector of a particular class, then the probability
that it belongs to this class is higher than that of it belonging
to other classes. Therefore, reclassification according to the
maximum similarity criterion in Eq. (11) can improve action
classification accuracy from a statistical view. Note that a large
n results in a more accurate class center, whereas a small n
makes the class center more sensitive to noise. Our entropy-
based filtering mechanism mitigates this issue, as demonstrated
by the experiments in Fig. 6.
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Fig. 6. Effect of tolerance margin . The x-axis represents the value of a,
while the y-axis represents the average accuracy for the three class splits under

Setting 1.
* .

At
.

(b) SMIE for NTU120
%

(c) SMIE for PKU-MMD

(d) Ours for NTU60 (e) Ours for NTU120 (f) Ours for PKU-MMD

Fig. 7. Visualization of skeleton features using t-SNE [88] from the skeleton
encoder pre-trained with cross-entropy loss in SMIE [32] and the skeleton
encoder of our method. These encoders are trained on data from seen classes
in NTU-60, NTU-120, and PKU-MMD under Setting I. We visualize the
skeleton features from unseen classes.

IV. EXPERIMENTS

A. Datasets

NTU-RGB+D 60 [77] comprises 56,578 skeleton
sequences belonging to 60 action categories, which were
performed by 40 subjects. These skeleton sequences were
captured using Microsoft Kinect sensors, with each subject
being represented by 25 joints. In supervised settings, the
dataset is usually split into training and testing sets based
on subjects or views. However, in zero-shot settings, this
dataset is divided into training and test sets based on action
categories.

NTU-RGB+D 120 [78] is an extended dataset of NTU-
60 (short for NTU-RGB+D 60), encompassing data from 106
subjects and comprising 113,945 skeleton sequences across
120 action categories. In our zero-shot settings, this dataset
is also divided into training and test sets based on action
categories.

PKU-MMD [79] dataset consists of action samples across
51 categories, collected from 66 subjects. The data is captured

4609

using Kinect v2 sensors from multiple viewpoints. This dataset
is divided into two parts: Part I includes 21,539 samples, and
Part II includes 6,904 samples. We utilize Part I to split the
training and test sets according to action categories in this
setting, following the SMIE method [32].

B. Evaluation Settings

Setting 1. Due to the substantial influence of various class
splits on zero-shot results, SMIE [32] suggests a setting on 3
datasets for further verifying the stability of different methods.
To achieve this, a three-fold test is applied to each dataset to
reduce variance. Each fold comprises distinct groups of seen
and unseen classes, and the average accuracy of the predicted
unseen classes is reported. For NTU-60, they offer three groups
of 55/5 class splits, with each group comprising 55 seen and
5 unseen classes. For NTU-120, they provide three groups of
110/10 class splits, with each group comprising 110 seen and
10 unseen classes. For PKU-MMD, they offer three groups of
46/5 class splits, with each group comprising 46 seen and 5
unseen classes. For a fair comparison, we employ ST-GCN
[17] as our skeleton encoder and Sentence-BERT [59] as our
text encoder in this setting, following the SMIE method.

Setting II. Additionally, we also offer a more exten-
sive comparison with another evaluation setting proposed by
SynSE [31]. This setting maintains two fixed class parti-
tions on NTU-60 and NTU-120 datasets. Specifically, for
the NTU-60 dataset, SynSE presents 55/5 and 48/12 splits,
encompassing 5 and 12 unseen classes, respectively. For the
NTU-120 dataset, SynSE offers 110/10 and 96/24 splits. In
contrast to Setting I, a one-fold test is required for each
class split, rather than a three-fold test. The accuracy is
reported. We employ Shift-GCN [50] as our skeleton encoder
and Sentence-BERT [59] as our text encoder, following the
approach used in SynSE.

C. Implementation Details

In Setting I, we adopt the identical data processing pro-
cedure as Cross-CLR [80], following SMIE. This procedure
entails eliminating invalid frames and adjusting the skeleton
sequences to a length of 50 frames through linear interpo-
lation. The skeleton feature extractor employed is ST-GCN
with 16 hidden channels, resulting in an extracted feature
dimension of 256. We utilize Sentence-BERT to acquire
the 768-dimensional text feature following SMIE guidelines.
Hence, the projection layer y is implemented as a linear layer,
projecting from 256 to 768 dimensions. For all experimental
runs, we employ the SGD optimizer with 50 epochs. The
learning rate is set to 5 x 1072 for the NTU-60 and PKU-
MMD datasets, whereas for the NTU-120 dataset with a larger
data size, the learning rate is adjusted to 5 x 10~ to ensure
smoother training. We opt for the complete description of
action classes as the default action description due to its
superior performance. The tolerance margin «, which controls
the size of final support sets, is set to 0.9, 0.4, and 1.0 for
the NTU-60, NTU-120, and PKU-MMD datasets, respectively.
The effect of @ will be analyzed in ablation studies.
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TABLE I

COMPARISON WITH PREVIOUS METHODS ON NTU-60, NTU-120, AND
PKU-MMD DATASETS UNDER SETTING I. SMIET INDICATES THAT
IT UTILIZES THE COMPLETE DESCRIPTION OF ACTION CLASSES
AS TEXT INPUT. PGFA™ REFERS TO OUR METHOD UTILIZING
THE CLASS NAME AS TEXT INPUT BUT NOT EMPLOYING
OUR PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT
STRATEGY. PGFA" REFERS TO OUR METHOD UTI-

LIZING THE COMPLETE DESCRIPTION BUT NOT
EMPLOYING OUR PROTOTYPE-GUIDED TEXT
FEATURE ALIGNMENT STRATEGY. PGFA
DENOTES OUR FULL METHOD

Method NTU-60(%) | NTU-120(%) | PKU-MMD(%)

Split: (Seen/Unseen) (55/5) (110/10) (46/5)
DeViSE [56] 49.80 44.59 47.94
RelationNet [57] 48.16 40.55 51.97
ReViSE [60] 56.97 49.32 65.65
SMIE [32] 63.57 56.37 67.15
SMIET [32] 70.21 58.85 69.26
PGFA*(Ours) 65.17 57.56 74.76
PGFAT(Ours) 80.45 60.22 78.34
PGFA (Ours) 93.17 71.38 87.80

In Setting II, apart from utilizing Shift-GCN as the skeleton
encoder, all other implementation details remain consistent
with Setting I. Notably, SynSE employs 4s-Shift-GCN pre-
trained on seen classes to extract skeleton features. The
4s-Shift-GCN means utilizing the joint stream, bone stream,
joint-motion stream, and bone-motion stream of skeleton
sequences to train 4 Shift-GCN models with cross-entropy
loss, and finally averages the outputs of these 4 Shift-GCN
models. However, our method does not require a pre-trained
skeleton encoder with cross-entropy loss, while employing
four encoders in our end-to-end training paradigm would be
overly complex. Therefore, we only use the joint stream with
one Shift-GCN model to train our method, which may lead
to relatively weaker skeleton feature extraction but improve
training efficiency.

D. Main Results

Under Setting I, we compare our PGFA with previous
methods, following the comparison methods outlined in SMIE
[32]. Previous methods commonly utilize the class name of
action classes as input to a text encoder. SMIE additionally
provides experimental results using the complete description
of actions as input. For fair comparisons, we provide PGFA"
and PGFA', which use class names and complete descriptions
as input, respectively, but do not incorporate our prototype-
guided text feature alignment strategy. Additionally, we offer
a version incorporating our prototype-guided text feature align-
ment strategy as our full method to validate its performance.
All the datasets get 3 groups of class splits provided by SMIE
and the average accuracies are reported on Tab. I. As shown
in Tab. I, both PGFA™ and PGFA" demonstrate enhancements
compared to the top competitor SMIE, especially with PGFA'
notably surpassing SMIE" by a large margin. This indi-
cates that higher-quality action descriptions better unlock the
potential of our end-to-end training framework for achieving
improved skeleton-text alignment compared to the previous
two-stage training framework. By integrating our prototype-
guided text feature alignment strategy, our full method PGFA
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TABLE I

COMPARSION WITH PREVIOUS METHODS ON NTU-60 AND NTU-120
DATASETS UNDER SETTING II

Method NTU-60(%) NTU-120(%)
Split: (Seen/Unseen) | (55/5)  (48/12) | (110/10)  (96/24)
DeViSE [56] 60.72 24.51 47.49 25.74
RelationNet [57] 40.12 30.06 52.59 29.06
ReViSE [60] 53.91 17.49 55.04 32.38
JPoSE [61] 64.82 28.75 51.93 32.44
CADA-VAE [62] 76.84 28.96 59.53 35.77
SynSE [31] 75.81 33.30 62.69 38.70
SMIE [32] 77.98 40.18 65.74 45.30
PURLS [33] 79.23 40.99 71.95 52.01
PGFA (Ours) \ 80.26 55.99 \ 79.99 59.42
TABLE III
EFFECT OF ACTION DESCRIPTION GENERATION. WE EXPLORE THE

EFFECT OF ACTION DESCRIPTIONS ON SKELETON-TEXT ALIGNMENT
TRAINING, WITHOUT USING PROTOTYPE-GUIDED TEXT FEATURE
ALIGNMENT OF OUR METHOD

Action Description | NTU-60(%) | NTU-120(%)
Class Name 65.17 57.56
Parts Description 75.65 52.73
Complete Description 80.45 60.22
Skeleton-focused Description 77.25 62.22

achieves average accuracies surpassing SMIE' on the NTU-60,
NTU-120, and PKU-MMD datasets by 22.96%, 12.53%, and
18.54%, respectively. The larger performance gains by our full
method demonstrate the effectiveness of our prototype-guided
text feature alignment strategy.

Under Setting II, we compare our PGFA with previous
methods, following the comparison methods outlined in SynSE
[31], SMIE [32], and PURLS [33]. Apart from using a single
Shift-GCN in our end-to-end training framework instead of
4s-Shift-GCN, all other experimental settings are identical
to those used in SynSE. Despite the potential for relatively
weaker skeleton feature extraction in our PGFA, PGFA still
achieves state-of-the-art performance. In the 55/5 and 48/12
splits of the NTU-60 dataset, our PGFA surpasses the top
competitor PURLS [33] by 1.03% and 15.00% (relatively
1.30% and 36.59%), respectively. Compared to our method,
PURLS shows similar performance in the 55/5 split, which
can be attributed to using various complex description prompts
and a more powerful text encoder of CLIP [35] instead of
Sentence-BERT [59]. In the 110/10 and 96/24 splits of the
NTU-120 dataset, our PGFA surpasses PURLS by 8.04%
and 7.41% (relatively 11.17% and 14.25%), respectively. As
the number of unseen classes increases, aligning skeleton
and text modalities becomes increasingly challenging. Other
methods performed the worst in the 48/12 split of the NTU-60
dataset. In contrast, our method achieved the largest relative
improvement in this split (e.g., relatively 36.59% compared
with PURLS), demonstrating promising potential in skeleton-
text alignment.

E. Ablation Studies

We conducted experiments to evaluate the effect of the key
components and hyper-parameters of our method. To ensure
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TABLE IV

EFFECT OF ACTION DESCRIPTIONS GENERATED BY DIFFERENT LLMS ON
ZERO-SHOT SKELETON-BASED ACTION RECOGNITION. ALL MODELS
DO NOT USE THE PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT

STRATEGY
Action Description LLM NTU-60(%) NTU-120(%)

MiniCPM3 71.60 52.29
Complete Description DeepSeek-V3 78.75 59.08
ChatGPT 80.45 60.22
MiniCPM3 76.59 52.42
Skeleton-focused Description DeepSeek-V3 75.41 57.26
ChatGPT 77.25 62.22

the stability of key components and hyper-parameters, we
conduct ablation studies under Setting I suggested by SMIE.

1) Effect of Action Description Generation: In skeleton-
text alignment, without pre-training skeleton encoders with
cross-entropy, the quality of pre-extracted text features
becomes crucial for enhancing zero-shot capability. We
explore the effect of four action description generation meth-
ods and validate these effects on the NTU-60 and NTU-120
datasets. Since GAP [67] does not provide parts descriptions
for PKU-MMD, we are concerned that our self-generated
parts descriptions may differ in style. Therefore, we do not
perform validation on the PKU-MMD dataset. As shown in
Tab. III, utilizing the class name of the action as input indeed
results in limited performance, primarily because it fails to
describe the corresponding action semantics accurately. While
parts description performs well in supervised scenarios [67],
it is not as effective as the complete description in zero-shot
scenarios. The possible reason is that parts descriptions for
some actions are too similar. For instance, actions like “put
on a shoe” and “take off a shoe” differ only in the description
of the foot part, such as “foot inserts into shoe” and “foot
grasps the shoe and pulls it off”’, while descriptions of other
body parts remain largely the same. In supervised scenarios,
parts description serves as auxiliary supervision. However, in
zero-shot scenarios, the text features generated by actions like
“put on a shoe” and “take off a shoe” exhibit high similarity,
which may introduce interference in primary skeleton-text
alignment. In contrast, using complete descriptions directly is
more effective than parts descriptions in such cases. The results
in Tab. IIT show that both Complete Description and Skeleton-
focused Description outperform the other two methods. On
the NTU-60 dataset, using complete descriptions performs
better, while on the NTU-120 dataset, using skeleton-focused
descriptions yields superior results. This may be due to the
larger size and more classes in NTU-120, which demand better
alignment with the skeleton data, needing Skeleton-focused
Description to more accurately reflect key joint movements for
the more complex actions. Considering the fairness of com-
parison with other zero-shot methods, we primarily use Class
Name and Complete Description for comparison. Addition-
ally, employing more complex prompt engineering or prompt
tuning techniques might further improve results. However, this
aspect is not the primary focus of our paper and will be left
for future exploration.
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2) Effect of Action Descriptions Generated by Different
LLMs: We explore the impact of action descriptions generated
by different LLMs in our zero-shot settings. We select the
open-source models MiniCPM3 [81] and DeepSeek-V3 [82],
as well as the closed-source model ChatGPT, to generate
descriptions. As shown in Tab. IV, descriptions generated
by ChatGPT consistently achieve the best performance on
both NTU-60 and NTU-120 datasets, for both complete and
skeleton-focused descriptions. In contrast, MiniCPM3, with
its lightweight 4B parameters, demonstrates a performance
gap relative to the other two models. This emphasizes the
crucial role of LLM quality in improving zero-shot recognition
accuracy.

3) Effect of Our End-to-End Training Framework: To fur-
ther investigate the effects of different training frameworks,
we assess the zero-shot prediction capability of three frame-
works on our method. 1) Pretraining&Fixed. This represents
the training framework of previous methods, which involves
initially pre-training a skeleton encoder with a cross-entropy
loss using data from seen categories. Subsequently, the skele-
ton encoder is fixed, and alignment with the text modality
is performed. 2) Pretraining&Finetuning. This framework
involves initially pre-training a skeleton encoder with a cross-
entropy loss but finetuning the skeleton encoder for subsequent
skeleton-text alignment. 3) End-to-End. This represents our
end-to-end training framework, which involves directly train-
ing the skeleton encoder for skeleton-text alignment. To ensure
fairness and leverage the superiority of complete descrip-
tions, all models use complete descriptions as text input.
As shown in Tab. V, the Pretraining&Fixed framework per-
forms the worst for our method, indicating that the fixed
skeleton feature distribution from pretraining the skeleton
encoder with cross-entropy loss is not conducive to subsequent
skeleton-text alignment. By allowing finetuning of the skeleton
encoder during subsequent skeleton-text alignment, the Pre-
training&Finetuning framework naturally performs better than
the Pretraining&Fixed framework. For our method, the End-to-
End framework proves to be the most effective across all three
datasets, highlighting its superiority. Pretraining the skeleton
encoder is unnecessary, as it yields suboptimal performance
and incurs additional pretraining costs.

4) Effect of Our Prototype-Guided Text Feature Alignment:
To further evaluate the effectiveness and stability of our
prototype-guided text feature alignment strategy, we assess its
performance across three different training frameworks of our
method on three datasets. As shown in Tab. V, employing
our prototype-guided text feature alignment strategy in the
testing phase yields remarkable improvements across all train-
ing frameworks and datasets, achieving an absolute accuracy
improvement of approximately 10%. This demonstrates the
strategy’s effectiveness and stability.

5) Effect of the Tolerance Margin «: In our prototype-
guided text feature alignment strategy, the tolerance margin
a controls the size of the final support set Z¥. All models
use complete descriptions as text input for training. Fig. 6
shows the performance for different values of @. When a =0,
the prototype-guided text feature alignment strategy is not
utilized, resulting in significantly lower baseline performance.
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TABLE V

EFFECT OF OUR END-TO-END TRAINING FRAMEWORK AND PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT. NOTE THAT “END-TO-END” Is OUR
DEFAULT TRAINING FRAMEWORK. “FEATURE ALIGNMENT” DENOTES OUR PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT STRATEGY

Training Framework Testing Strategy NTU-60(%) NTU-120(%) PKU-MMD(%)
Pretraining&Fixed Pretraining&Finetuning End-to-End Feature Alignment (55/5) (110/10) (46/5)
v 73.65 56.12 71.85
v 76.99 57.55 74.63
v 80.45 60.22 78.34
v v 87.23 68.66 80.39
v v 88.55 68.74 82.48
v v 93.17 71.38 87.80
TABLE VI TABLE VII
EFFECT OF DIFFERENT PSEUDO-LABELING STRATEGIES ON PROTOTYPE COMPUTATIONAL COST COMPARISON BETWEEN OUR METHOD AND
GENERATION BASELINE SMIE. PGFA" REFERS TO OUR METHOD WITHOUT THE

Pseudo-labeling Strategy | NTU-60(%) | NTU-120(%) | PKU-MMD(%)

82.90 57.75 81.51
93.17 71.38 87.80

weighted
argmax (default)

When « = 1, it means that we use all elements of support set
Sk to construct Z*. Critically, for & € [0.1,1.0], our method
achieves stable performance (>95% of peak accuracy) across
all datasets while consistently surpassing the @ = O baseline
by large margins (e.g., NTU-120 attains 71.38% at @ = 0.4 vs.
60.22% baseline). Intuitively, setting @ too low may restrict the
prototype calculation to few low-entropy elements, introducing
bias, while overly high a risks including misclassified samples.
Certainly, the optimal @ may vary across different datasets.
For NTU-120, the best performance is achieved with @ = 0.4.
Perhaps due to the high accuracy achieved by our method on
the NTU-60 and PKU-MMD datasets, it performs optimally
when @ = 0.9 and @ = 1.0, requiring only a small portion
of elements with high prediction entropy to be filtered out.
However, empirical results reveal robustness: deviations from
optimals (e.g., NTU-120’s @ = 0.4 vs. a = 0.9 yielding
98% of peak accuracy) maintain near-optimal performance,
highlighting adaptability to data distributions. Optimal @ varies
slightly (e.g., 0.9 for NTU-60 vs. 0.4 for NTU-120), yet
a > 0.1 ensures significant and stable improvements without
requiring fine-tuning, underscoring the strategy’s reliability for
zero-shot generalization.

6) Effect of Different Pseudo-Labeling Strategies on Pro-
totype Generation: In our prototype-guided text feature
alignment strategy, the pseudo-labels used for prototype gen-
eration are typically derived through argmax classification.
We explored an alternative approach where the pseudo-labels
are weighted by their probability. Specifically, we propose to
modify the calcu}gzliop ?f Ehe prototype feature of class k as
ok i:lzlié'f‘v}il‘v' )
of samples in the test éet, P¥ represents the probability of
the pseudo-label for sample i belonging to class k, and v/
is the corresponding skeleton feature. As shown in Tab. VI,
the performance of the weighted pseudo-labeling strategy is
generally lower than the default argmax-based approach. This
could be due to the inclusion of features from many samples
that do not belong to the correct class, introducing noise
into the prototype calculation. Specifically, when probability

follows: ¢ , where |D,| is the total number

PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT STRATEGY

Method | Param | FLOPs (G)
SMIE [32] 2.38M 0.58
PGFAT (Ours) 1.00M 0.57
TABLE VIII

EVALUATION ON ONE-SHOT SKELETON-BASED ACTION RECOGNITION.
THE TABLESHOWS ACCURACY (%) ON UNSEEN CLASSES

Method NTU-60(%) | NTU-120(%) | PKU-MMD(%)

Split: (Seen/Unseen) (50/10) (100/20) (41/10)
ProtoNet [39] 74.8 60.4 78.1
FEAT [83] 74.3 61.5 75.9
Subspace [84] 75.6 60.9 75.6
Dynamic Filter [85] 759 60.6 78.8
M&C-scale [86] 82.7 68.7 86.9
PGFA (Ours) 83.8 69.8 86.9

weighting is used, low-probability samples still contribute
to the prototype, which is especially problematic when the
model’s classification performance is weak. For example,
the NTU-120 dataset shows a significant performance drop
with the weighted strategy (57.75%) compared to the argmax
approach (71.38%).

7) Computational Complexity Analysis: We compare the
computational cost of our method and the baseline SMIE in
terms of parameters and floating point operations per second
(FLOPs). As shown in Tab. VII, our method significantly
reduces the number of parameters to 1.00M, compared to
SMIE’s 2.38M. This is because, with the same ST-GCN back-
bone, our method adds only one extra linear layer, while SMIE
adds three fully connected layers. Without the prototype-
guided text feature alignment strategy, our method’s FLOPs
are also slightly lower than SMIE’s. With the feature alignment
strategy, FLOPs double as each sample is processed twice
during inference.

FE. Extension Experiments

1) Evaluation on One-Shot Skeleton-Based Action Recog-
nition: To further evaluate the generalizability of our
method, we extend it to the one-shot skeleton-based action
recognition setting, where each unseen class is associ-
ated with only one labeled skeleton sample during testing.
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TABLE IX

EXPLORING SELF-SUPERVISED MODELS IN ZERO-SHOT SCENARIOS. THE EVALUATION IS BASED ON OUR SETTING I. PGFA' REFERS TO OUR METHOD
UTILIZING THE COMPLETE DESCRIPTION BUT NOT EMPLOYING OUR PROTOTYPE-GUIDED TEXT FEATURE ALIGNMENT STRATEGY

Method Training Framework

NTU-60(%) NTU-120(%) PKU-MMD(%)

Split: (Seen/Unseen) (55/5) (110/10) (46/5)
Supervised [17] Pretraining&Fixed 73.65 56.12 71.85
Supervised [17] Pretraining&Finetuning 76.99 57.55 74.63

Skeleton-logoCLR [87] Pretraining&Fixed 75.01 55.59 73.27

Skeleton-logoCLR [87] Pretraining&Finetuning 79.30 56.57 77.33

PGFAT (Ours) End-to-End 80.45 60.22 78.34
TABLE X

CROSS-DATASET EVALUATION. “NTU-60—-PKU-MMD” REPRESENTS
TRAINING ON NTU-60 AND TESTING ON PKU-MMD, WHILE “PKU-
MMD—-NTU-60" REPRESENTS TRAINING ON PKU-MMD AND
TESTING ON NTU-60

Method ‘ NTU-60—PKU-MMD(%) ‘ PKU-MMD—NTU-60(%)
SMIE [32] 75.07 55.92
PGFA (Ours) 94.73 61.02

In our framework, adapting to the one-shot scenario is
straightforward. Specifically, during testing, we use the avail-
able one-shot skeleton samples to generate class prototypes
using our skeleton encoder and feature alignment strategy,
instead of relying solely on text descriptions. Following
[86], we evaluate on the NTU-60, NTU-120, and PKU-
MMD datasets, with seen/unseen class splits of 50/10, 100/20,
and 41/10, respectively. For detailed dataset splits, please
refer to the supplementary. As shown in Tab. VIII, our
PGFA demonstrates competitive or superior performance com-
pared to existing one-shot approaches [39], [83], [84], [85],
[86], highlighting its flexibility and effectiveness in one-shot
scenarios.

2) Exploring Self-Supervised Models in Zero-Shot Sce-
narios: We explore the potential of self-supervised models
for zero-shot skeleton-based action recognition. To this
end, we re-implement the state-of-the-art self-supervised
model, Skeleton-logoCLR [87], replacing the supervised pre-
trained skeleton encoder used in the “Pretraining&Fixed”
and “Pretraining&Finetuning” training frameworks. The key
distinction between these frameworks is whether the pre-
trained skeleton encoder is fixed during the subsequent
skeleton-text alignment. As shown in Tab. IX, under the
“Pretraining&Fixed” framework, using Skeleton-logoCLR for
pretraining outperforms using cross-entropy loss for super-
vised pertaining on average across three datasets, suggesting
that self-supervised training may produce more discriminative
features. In the “Pretraining&Finetuning” framework, using
Skeleton-logoCLR also naturally yields better performance on
average. However, our method, which uses the End-to-End
framework, achieves the best performance across all datasets.
This suggests that supervised and self-supervised pretraining
may not be necessary in zero-shot settings. Our End-to-End
training framework enables effective skeleton-text alignment
while avoiding the additional cost of pretraining.

3) Cross-Dataset Evaluation of Our Method: We further
evaluate the generalization of our method through cross-
dataset experiments. Since NTU-120 is an extension of

NTU-60, using them together for cross-dataset evaluation is
less meaningful. Instead, we perform evaluations between
NTU-60 and PKU-MMD. Specifically, we train on one dataset
and test directly on the other without fine-tuning: (1) training
on NTU-60 and testing on PKU-MMD, and (2) training on
PKU-MMD and testing on NTU-60. To further validate the
stability of our method under cross-dataset settings, we follow
a protocol similar to Setting I. We train on three groups of
55 seen classes from NTU-60 (Class Split 1/2/3) and test on
three groups of 5 unseen classes from PKU-MMD (Class Split
1/2/3), and vice versa—training on 46 seen classes from PKU-
MMD and testing on 5 unseen classes from NTU-60. We
report the average accuracy on the predicted unseen classes
across all splits. As shown in Tab. X, our method outperforms
the baseline SMIE [32] by a significant margin. Specifically,
our method achieves an impressive 94.73% average accuracy
(NTU-60 —PKU-MMD), even surpassing performance from
training on seen classes in PKU-MMD. This could be due
to the larger training set in NTU-60, which enables the
model to learn more discriminative features. Conversely, the
smaller training set in PKU-MMD leads to slightly lower
performance when transferring to NTU-60, though our method
still outperforms the SMIE baseline. These results strongly
demonstrate the transferability of our method.

G. Qualitative Analysis

1) Visualization of Skeleton Feature Space: Existing meth-
ods always pre-train skeleton encoders using cross-entropy
loss before modality alignment. However, this approach does
not ensure the intra-class compactness [72] of skeleton fea-
tures, which poses challenges for subsequent skeleton-text
alignment. To verify this, we compared the t-SNE [88] visual-
izations of skeleton features between SMIE and our end-to-end
training framework. As illustrated in Fig. 7, the intra-class
compactness of skeleton features from the existing training
framework is inadequate. The use of cross-entropy loss for
pre-training, which leads to a lack of intra-class compactness
and the possibility of poor margins, has been analyzed in
existing works [69], [70], [71], [72]. The fixed distribution
of such skeleton features presents challenges in skeleton-text
alignment. In contrast, our training framework improves intra-
class compactness through cross-modal contrastive training.
Additionally, our method simplifies the entire training process
without the need to pre-train the skeleton encoder.

2) Fisher Discrimination Ratio of Skeleton Features: We
use the Fisher Discrimination Ratio (FDR) [89] to further
assess class separability. FDR measures how well-separated
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Fig. 8. The average Fisher Discrimination Ratio (FDR) of skeleton features

from unseen classes across 3 class splits under Setting I. A higher FDR

indicates better class separability.
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Fig. 9. The average silhouette scores [90] of unseen skeleton features across
3 class splits under Setting I. The silhouette score closer to 1 (e.g.i.e., 100%)
indicates well-clustered data, reflecting denser clusters with minimal within-
cluster distance.

classes are based on their feature distributions. For multi-class
classification, FDR is calculated as the ratio of the between-
class scatter to the within-class scatter: FDR = tr(S ;VIS »)s
where S, is the within-class scatter matrix, S, is the between-
class scatter matrix, and tr(-) is the trace operator. The S,
is computed as the sum of the covariance matrices for each
class, while S, captures the variance between the class means
and the overall mean. A higher FDR indicates better class
separability. For each dataset (NTU-60, NTU-120, and PKU-
MMD), we calculate the average FDR of skeleton features
from unseen classes across three class splits under Setting I. As
shown in Fig. 8, our method consistently demonstrates higher
FDRs than SMIE across all three datasets, indicating better
class separability and discrimination in our approach.

3) Silhouette Score of Skeleton Features: To better demon-
strate the clustering differences of unseen skeleton features
between SMIE (all previous methods using the same

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025

Skeleton feature (correctly predicted as Class 1)
Skeleton feature (correctly predicted as Class 2)
Skeleton feature (misclassified)
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Fig. 10. Visualization of prototype-guided text feature alignment in feature
space. Class 1 and Class 2 represent the unseen action categories “Typing
Keyboard” and “Check Time”, respectively. We visualize the skeleton features
of these two unseen classes and their corresponding text features using t-
SNE [88]. Through our prototype-guided text feature alignment strategy, many
previously misclassified samples are correctly predicted as Class 2.

pre-trained skeleton encoder) and our method, we utilize
the silhouette score [90] to measure the intrinsic structure
of the created clusters. The silhouette score is defined as
S = %Zf\] %, where N is the number of samples, a; is
the average distance between sample i and all other samples
within the same cluster, and b; is the average distance from i to
all samples in the nearest neighboring cluster. The silhouette
score S ranges from -1 to 1. The § closer to 1 indicates
well-clustered data, reflecting denser clusters with minimal
within-cluster distance. In this case, we use cosine distance for
computation. For each dataset (NTU-60, NTU-120, and PKU-
MMD), we calculate the average silhouette score for skeleton
features from unseen classes across three class splits under
Setting 1. The cluster labels correspond to the true unseen
class labels. As shown in Fig. 9, our method consistently
demonstrates higher silhouette scores than SMIE across all
datasets. It demonstrates the effectiveness of our training
framework in clustering unseen skeleton features, indicating
that our method better captures the inherent structure and
similarities within the skeleton data.

4) Visualization of Prototype-Guided Text Feature Align-
ment in Feature Space: To further demonstrate the effective-
ness of our prototype-guided text feature alignment strategy,
we visualize this strategy in the feature space. To enhance
the clarity of the visualization, we select the unseen classes
“Typing Keyboard” and “Check Time” from Class Split 2
of NTU-60 under Setting I (for the full confusion matri-
ces, providing a more intuitive view of each class accuracy,
please refer to the supplementary). The skeleton features
of these two unseen classes and their corresponding text
features are projected into a 2D space using t-SNE [88],
as shown in Fig. 10(a). Through our prototype-guided text
feature alignment strategy, we obtain the prototype features
for the corresponding unseen classes. These prototype features
are used in place of text features for similarity calculations
with skeleton features to produce the final predictions. As
shown in Fig. 10(b), many misclassified samples are corrected.
This demonstrates that our prototype-guided text feature align-
ment strategy can effectively utilize the distribution of unseen
skeleton features to derive prototype features and rectify
classification errors.
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V. DI1SCUSSION AND CONCLUSION

In this paper, we propose a prototype-guided feature align-
ment (PGFA) paradigm to address issues of insufficient
discrimination and alignment bias during training and test-
ing in previous zero-shot skeleton-based action recognition
methods. Our PGFA paradigm comprises: 1) an end-to-end
contrastive training framework to ensure sufficient discrimi-
nation for skeleton features, and 2) a prototype-guided text
feature alignment strategy to alleviate alignment bias between
skeleton and unseen text features during testing. Experimen-
tal results on NTU-60, NTU-120, and PKU-MMD datasets
demonstrate the superior performance of PGFA in zero-shot
action recognition.

Future Work: Although our prototype-guided text feature
alignment strategy is highly effective, it requires classifying
all test samples twice, making it unsuitable for real-time
online scenarios where models cannot know all test samples in
advance. Modifications may be necessary for such scenarios.
For instance, creating a continuously updated “prototype bank™
could allow for real-time updates of prototype features by
calculating the predicted label of each single or batch sample
during testing. We believe this is a promising and feasible
direction and plan to explore it in future work.
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