Prototype-Guided Meta-Learning for
Skeleton-Based One-Shot Action Recognition

Jing Zhou
School of Computer Science
Shenyang Aerospace University
Shenyang, China
zhoujing @stu.sau.edu.cn

Abstract—This paper addresses Skeleton-based One-shot Ac-
tion Recognition (SOAR), aiming to recognize novel actions
from only a single reference sample. The core challenge lies
in learning a generalizable feature space by leveraging data-
rich base actions. Meta-learning has emerged as the prevalent
paradigm by constructing numerous meta-tasks over base ac-
tions to simulate one-shot recognition scenarios. However, the
classifiers built from one-shot support samples often fail to
capture the complete action distribution in meta-tasks, leading
to unstable optimization and limited generalization. To overcome
these issues, we propose a Prototype-Guided SOAR (PGSOAR)
framework featuring a teacher-student structure. The teacher
model is a pre-trained base-action classifier, and the student
model learns to solve the SOAR task. During episode training,
the teacher simultaneously extracts action prototypes for each
meta-task, using them as support data to construct a robust
target classifier. The student model, implemented via a Multi-
stream Adaptive Spatio-Temporal Graph Convolutional Network
(MAST-GCN), is then supervised by the target classifier through
knowledge distillation, thereby achieving more reliable and stable
optimization. At test time, an Adaptive Prototype Refinement
(APR) strategy alleviates single-reference bias by rectifying novel
action prototypes with a minimal number of unlabeled query
samples. Extensive experiments on two large-scale benchmarks
demonstrate that the proposed PGSOAR framework consistently
outperforms previous methods, validating its strong generaliza-
tion and robustness in one-shot action recognition.

Index Terms—Skeleton-based one-shot action recognition,
teacher-student structure, prototype

I. INTRODUCTION

Action recognition is one of the fundamental research
directions in computer vision and is widely applied in video
surveillance and medical rehabilitation [1], [2]. In particular,
skeleton-based action recognition has gained prominence ow-
ing to its distinctness and privacy-preserving attributes. Most
of existing approaches [3], [4] require extensive annotated
data to train a high-performance action recognition model.
However, a common challenge in real-world scenarios arises
when action classes continually expand, making it impractical
to assemble large-scale training data for these new actions in a

This work was supported in part by the Natural Science Foundation
of Liaoning Province, China under Grant No. 2025-MSLH-561, and in
part by the Foundation of Liaoning Educational Committee under Grant
JYTMS20230271, and in part by the High Level Talent Research Start-up
Fund of Shenyang Aerospace University under Grant No.23YBO03.

Corresponding author: Cuiwei Liu

Cuiwei Liu
School of Computer Science
Shenyang Aerospace University
Shenyang, China
liucuiwei @sau.edu.cn

Huaijun Qiu
School of Computer Science
Shenyang Aerospace University
Shenyang, China
20220071 @email.sau.edu.cn

short period. Therefore, few-shot learning [5], [6] has emerged
as a promising solution, allowing action recognition models to
adapt quickly to new actions by leveraging a minimal number
of annotated samples.

This paper focuses on Skeleton-based One-shot Action
Recognition (SOAR) [7], an challenging task where a new
action is recognized based on a single reference sample. The
core challenge of SOAR lies in developing generalizable rep-
resentations that leverage prior knowledge from well-learned
base actions to recognize novel actions with scarce samples.
Early studies [8], [9] employ deep metric learning [10] to op-
timize a feature space with high separability for base actions.
In this feature space, a nearest-neighbor classifier is built using
reference samples for classification of novel actions. However,
these approaches highly rely on base actions, leading to a
limitation in generalization toward novel actions that differ
substantially from previously learned ones.

Advanced SOAR methods [11], [12] typically follow the
meta-learning paradigm. By enabling models to “learn how to
learn”, these approaches aim to achieve fast adaptation to new
tasks, rather than enhancing discrimination on base actions.
Specifically, they leverage episode training to construct a lot
of meta-tasks on base actions. Each meta-task simulates a
one-shot action recognition scenario by randomly sampling
a support set and a query set. The support set comprises
one annotated example per action for constructing a few-shot
classifier (i.e., nearest-neighbor classifier), while the general-
ization performance of this classifier is evaluated on the query
set. Although episode training ensures diversity in meta-tasks,
the few-shot classifier constructed from one support sample
struggles to capture the complete data distribution of an action.
This leads to unstable optimization objectives and constrains
the generalization capability of the learned feature space.

This paper proposes a Prototype-Guided Skeleton-based
One-shot Action Recognition framework (PGSOAR), where
base action prototypes provide strong training signals for meta-
tasks. Concretely, the proposed PGSOAR adopts a teacher-
student structure [13], where the teacher model is a pre-
trained classifier of base actions and the student model learns
to achieve the SOAR task. During episode training, the
teacher model simultaneously extracts action prototypes for
each meta-task and uses them as support data to construct
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Fig. 1: Overview of the proposed PGSOAR framework.

a robust target classifier. This classifier then serves as a
strong guidance through knowledge distillation, delivering a
reliable supervision for the optimization of student model.
The student model is implemented by a Multi-stream Adap-
tive Spatio-Temporal Graph Convolutional Network (MAST-
GCN), which adaptively transfers crucial cues from the motion
stream to the joint stream with a spatio-temporal channel
attention mechanism [14]. At test time, an Adaptive Prototype
Refinement (APR) strategy is introduced by integrating indi-
vidual reference samples with a limited number of unlabeled
query samples into more stable class representations, thereby
enhancing the robustness of novel action classifier. Our main
contributions are summarized as follows.

o We propose the PGSOAR framework, where base action
prototypes offer stable learning targets for meta-tasks via
knowledge distillation. This framework not only capital-
izes on the diversity of meta-tasks but also incorporates
reliable prior knowledge, thus achieving a feature space
with strong generalization and discrimination capabilities.

o« We develop MAST-GCN as the student model, which
dynamically attends to key joints and frames to enhance
fine-grained action discrimination.

o We introduce a prototype refinement strategy that fuses
reference samples with a few unlabeled queries to con-
struct enriched prototypes of novel actions, alleviating
single-reference bias without extra annotation.

II. RELATED WORK
A. Skeleton-based one-shot action recognition

SOAR has gained significant attention as an important
research direction in computer vision. Liu et al. [7] formally
established the evaluation protocol on the large-scale NTU

RGB+D 120 dataset. Subsequent works [8], [9] first convert
skeleton sequences into pseudo-images and then apply CNN-
based encoders, thereby constructing a discriminative feature
space through metric learning. Also building upon pseudo-
images, Peng et al. [15] adopt a Transformer architecture to
learn the spatiotemporal correlations in skeleton sequences.

Recently, Graph Convolutional Networks (GCNs) [3] have
emerged as the mainstream approaches due to their capability
to model the natural skeleton topology. To extract maximal
information from the scarce single reference, researchers aim
to construct highly discriminative feature extractors with meta-
learning. while some works [16] aim to aggregates joint fea-
tures into a single global vector, alternative strategies seek to
preserve distinctive local representations from body parts [11],
[12] or semantic parts [17]. Building upon these features,
intricate alignment [18], metric mechanisms [19] and multi-
scale strategy [20] are employed to overcome the spatio-
temporal misalignment between query and support samples.

Although these methods have made significant progress
in feature representation and matching mechanisms, they
exhibit an excessive reliance on a single reference sample
to construct the action classifier. This single-reference bias
directly weakens both the learning of the feature space and
the generalization capability of the few-shot classifier toward
novel actions. The proposed PGSOAR framework incorporates
reliable prior knowledge from base action prototypes during
the training phase to build a feature space with strong discrim-
inative power. During the testing phase, it constructs enriched
prototypes for novel actions in an unsupervised manner to
mitigate the single-reference bias.

B. Knowledge distillation

Knowledge distillation [13] aims to transfer knowledge from
a complex teacher to a light-weight student by aligning their
output distributions. Typically, soft labels derived from pos-
terior probabilities of the teacher are utilized in this process.
Compared to hard labels, soft labels [21] provide dense super-
vision by revealing inter-class semantic correlations, thereby
enhancing the generalization capability of the student.

In skeleton-based action recognition task, knowledge dis-
tillation strategies have been widely adopted to enhance
the model robustness and efficiency. A two-stage distillation
framework [22] guides the student to capture temporal evolu-
tion patterns to achieve early action recognition. Furthermore,
auxiliary modalities like textual semantics can be leveraged to
enhance the discriminability of skeleton representations [23].
To strike a balance between performance and efficiency, a spik-
ing graph convolutional network [24] integrates multimodal
fusion with knowledge distillation in a unified framework.

This paper focuses on SOAR and transfers knowledge
from pre-trained teacher to mitigate sample scarcity in one-
shot meta-tasks. While learning from diverse meta-tasks, our
proposed PGSOAR framework introduces strong supervision
signals derived from action prototypes via knowledge distilla-
tion, thereby achieving stable feature space optimization.



III. METHOD
A. Problem definition

The goal of SOAR is to accurately classify unlabeled
samples when only a single reference sample is available
for each action. The core of this task lies in leveraging the
rich data from base actions to learn a discriminative and
generalizable feature space, where samples from the same
action are tightly clustered, while those from different actions
are dispersed. Specifically, the SOAR model is trained on a
base dataset Dy,se With abundant labeled samples from M base
actions and then evaluated on a novel dataset D,y consisting
of N previously unseen actions. In this evaluation, each action
in Dyove s represented by a single reference sample.

This study follows the fundamental meta-learning paradigm
and employs episode training. In each episode, a K-way one-
shot meta-task is constructed by randomly sampling a support
set S and a query set (@ from Dy,e. The support set S =
{(z%,y¥)}E | contains K base actions, each represented by one
labeled sample. Here, x% denotes the skeleton sequence of the
i-th action and yf is its action label. Correspondingly, the query
set Q = {ad,yq}1<, contains K samples from these actions.
In each meta-task, a nearest-neighbor classifier is built on the
support samples to predict the action class of query samples.
The feature space is progressively optimized by minimizing
the discrepancy between the predicted and ground-truth labels,
making it specialized for one-shot action recognition.

B. PGSOAR

Episode training with a single support sample often fails
to capture data distributions, leading to unstable optimization.
To address this, we propose PGSOAR framework, enhanced
by auxiliary supervision derived from base action prototypes.
At test time, an N-way nearest-neighbor classifier is built
on the reference samples of novel actions in Dygye. Our
PGSOAR framework mitigates the single-reference bias by
incorporating an adaptive prototype refinement strategy, which
fuses reference samples with a limited number of unlabeled
queries into enhanced class prototypes.

1) Teacher-student structure: Inspired by [25], the PG-
SOAR framework adopts a teacher-student architecture, as
shown in Figure 1. The teacher model is pre-trained on Dygge to
generate high-quality base action prototypes. During episode
training, the student model learns a discriminative and general-
izable feature space under guidance of these prototypes. Once
the student model constructs a meta-task including a support
set S and a query set @, the teacher model simultaneously
retrieves the action prototypes. Specifically, in each K-way
one-shot meta-task, the teacher model extracts the prototypes
corresponding to these K actions from a pre-constructed action
prototype bank A = {A;, As, ..., Ay}, forming a prototype
support set S“. Each action prototype A, is computed by

Aa T > fla), (1)

base z;€Dg

base
where Dg, . denotes the set of all samples of action @ in Dy,

and f(-) represents the feature extractor of the teacher model.

This calculation effectively integrates the feature distribution
within the action through mean aggregation, filtering out
noise from individual samples. Then a target nearest-neighbor
classifier is built on the prototype support set S4 and makes
predictions for query samples in (), providing stable and
reliable supervisory signals to the student model.

2) Overall optimization objective: In each K-way one-
shot meta-task, the student model extracts features from the
query set ) and makes prediction using the nearest-neighbor
classifier constructed from the support set S. For a query
sample 27, the logits h] = [hl", ..., hl™] output from the
classifier are passed through a softmax function to obtain a
K -dimensional probability distribution pj = [p}", ..., pﬁl’K],
representing the posterior probabilities of a query sample
belonging to each action class. The one-shot classification loss
is computed as the Cross-Entropy (CE) between the predicted
probabilities and the ground-truth labels by

cls - Z Z yé “ IOg (2)

]lal

where K is the number of actions, and each action has only
one query sample, so K is also the number of query samples.
The ground-truth label y'* is defined as 1 if the query sample

x} belongs to action class a, and 0 otherwise pé *“ indicates
the predicted probability that sample z belongs to action a.
By optimizing L., the student model learns to classify query
samples into their corresponding actions.

To achieve effective guidance from the teacher to the
student, we introduce the knowledge distillation loss Lgjsin im-
plemented by the Kullback-Leibler (KL) divergence between
the logits distributions of the student model and the teacher
model on query set Q.

Laisin = Z KL(hJ || b)), 3)
j=1:K

where hg and flé indicate logits of :rfl- output from the student
and teacher, respectively. The student model makes predictions
using a nearest-neighbor classifier constructed on the support
set S, whereas the teacher model relies on a target classifier
built on the prototype support set S4.

Finally, we design an adaptive multi-objective optimization
strategy to integrate the one-shot classification loss L and
the knowledge distillation loss Lygisi- The former guides the
model to acquire one-shot classification capability with hard
labels, and the latter employs soft targets to enable the student
model to mimic the teacher’s output distribution. Given the
evolving nature of the learning characteristics, the two losses
are dynamically balanced at different training phases. The
overall optimization objective is by

L= (1 —a- S) L + (Oz' g) Lgisein» “4)

where e denotes the total training epochs and € indicates the
current epoch. The hyperparameter o controls the weights of
Lgs and L. In the early stage, the overall objective favors
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L, enforcing the student model to acquire one-shot classi-
fication capabilities and build stable feature representations.
Subsequently, the weight of Ly is gradually increased, en-
abling the model to transfer knowledge from action prototypes.

C. MAST-GCN

The student model utilizes MAST-GCN, a parallel archi-
tecture that adaptively fuses joint and motion streams. As
shown in in Figure 2, to capture fine-grained action patterns,
spatio-temporal channel attention modules [14] are embedded
within both branches, enabling the network to dynamically
focus on salient joints and temporal segments. This mechanism
hierarchically refines local spatio-temporal features before an
average pooling operation integrates them into the final global
sequence representation.

Figure 3 illustrats the architecture of the spatio-temporal
channel attention module [14], which employs a dual-branch
architecture to independently learn channel attention weights
along the spatial and temporal dimensions. Specifically, given
an input feature X € R(C*XT*V) where C, T, and V denote
the channel count, temporal length, and number of joints re-
spectively, the spatial channel attention branch compresses X
into X,, € R(*Y) through temporal pooling, eliminating the
temporal dimension to focus on spatial patterns. The channel
dimension is reduced to C'/r via a 1D convolutional layer,
where 7 denotes the reduction ratio. Subsequently, a ReLU
activation function is applied to introduce non-linearity. A 1D

convolution is applied to restore the original channel dimen-
sion, generating the spatial attention weights A, € R(C*1xV)
through a Sigmoid function. The temporal channel attention
branch follows a similar yet complementary procedure. It first
compresses the input into X, € R(E*T) through spatial
pooling, which preserves temporal information while eliminat-
ing the spatial dimension. Subsequently, a 1D convolution is
applied, followed by subsequent processing layers, to generate
the temporal attention weights A, € R(E*T*1  Finally,
the attention weights from both branches are fused with the
original input features through element-wise multiplication.

Y = (X+X®Acs)®Acta (5
where © denotes element-wise multiplication.

D. Adaptive prototype refinement strategy

Typically, reference samples of novel actions are mapped
into the feature space optimized by MAST-GCN to construct
an N-way nearest-neighbor classifier. This classifier uses the
single reference sample r,, as the prototype of action n and
is therefore inherently susceptible to single-reference bias.
To this end, we randomly sample a subset 3 comprising B
unlabeled queries from Dy and merge them with the ref-
erence samples {ry,r2,...,7n} to form more representative
prototypes of novel actions.

Specifically, we compute the Euclidean distance d(zp,7,)
between a query sample x;, € B and the reference sample 7, of
action n in the optimized feature space. The nearest-neighbor
classifier assigns a pseudo-label y, = argmin, d(xp,r,)
to each query sample according to these distance statistics.
To further quantify classification reliability, we derive the
confidence score wy , for sample x;, belonging to action n
using a Softmax function:

~exp(—d(zy, 7))
Wh,n = N . (6)
Zj:l exp(—d(zs,7;))

Finally, the prototypes of novel actions are updated by

7‘/ _ Tn + beGB I[(yb = TL) cWhn * Th
CO TS S S T p

where the indicator function I(-) equals 1 if the condition is
met and O otherwise. Through this process, the prototypes
of novel actions are endowed with prior knowledge from a
minimal number of queries, effectively rectifying the inherent
bias in single-reference scenarios without extra annotations.

)

IV. EXPERIMENTS
A. Datasets

Our proposed PGSOAR is evaluated on two widely used
SOAR datasets. The NTU RGB+D 60 dataset [26] is a
large-scale action recognition dataset containing 56,880 action
samples. It was constructed by capturing 60 types of daily
interactive actions performed by 40 subjects. Each action
sequence is represented by skeleton motion data in the form of
3D coordinate sequences for 25 body joints. The NTU RGB+D



TABLE I: One-shot action recognition accuracy (%) on NTU RGB+D 60 and NTU RGB+D 120 datasets.

| NTU RGB+D 60 |

NTU RGB+D 120

Method | Base Classes | Base Classes

‘ 50 ‘ 20 40 60 80 100
APSR [7] - 29.10 34.80 39.20 42.80 45.30
SL-DML [8] 54.82 36.70 42.40 49.00 46.40 50.90
Skeleton-DML [9] 55.54 28.60 37.50 48.60 48.00 54.20
SMAM-Net [16] 73.60 35.80 46.20 51.70 52.20 56.40
JEANIE [18] 80.00 38.50 44.10 50.30 51.20 57.00
Trans4SOAR [15] 74.19 - - - - 57.05
ALCA-GCN [12] - 38.70 46.60 51.00 53.70 57.60
STA-MLN [19] 42.40 48.00 53.10 54.30 59.90
Part-Aware [11] - 43.00 50.30 55.70 56.50 65.60
M&C-scale [20] 82.70 44.10 55.30 60.30 64.20 68.70
APLE-GCN [17] 81.65 43.64 53.88 61.12 66.70 69.06
PGSOAR (Ours) ‘ 83.31+0.24 ‘ 44.29+0.62 49.54+0.74 61.74+1.29 69.30+1.1 72.09+0.51

120 dataset [7] extends the NTU RGB+D 60 dataset and is
one of the largest publicly available benchmarks for SOAR.
It contains a total of 114,480 action samples, expanding the
original set of 60 actions with 60 additional activities, resulting
in 120 distinct actions performed by 106 participants.

B. Experimental settings

For fair comparison with existing methods, we conduct
experiments following standard SOAR benchmarks [7]. On
the NTU RGB+D 60 dataset, the first 50 action categories are
taken as base actions, with all corresponding samples used for
training. The remaining 10 actions are treated as novel classes,
forming the validation set. Similarly, NTU RGB+D 120 is split
into 100 base and 20 novel actions. For each novel action, one
sequence is used as the reference sample, and the rest serve
as queries.

To ensure data format consistency, all skeleton sequences
are normalized to 60 frames through uniform sampling and
zero-padding. During the pre-training phase, we adopt ST-
GCN [3] as the teacher model, which is trained on the full
base action data using standard cross-entropy loss. In the meta-
training phase, our model is trained for 100 epochs with 1,000
episodes per epoch.

The Adam optimizer is employed with a learning rate of
0.001 and a weight decay of 10~%. We report the results with
parameter « in Equation (4) fixed at 0.4. The influence of this
key hyperparameter is evaluated through an ablation study.
During the testing phase, a few unlabeled query samples are
employed to refine the prototypes of novel actions. The impact
of the number of these samples is evaluated in Section IV-D.

C. Experimental results

Table I presents the performance of the proposed PGSOAR
on both datasets, comparing it against existing SOAR methods.
To ensure statistical reliability and mitigate the variance from
random sampling in the adaptive prototype refinement strategy,
we report the average performance of PGSOAR across ten
independent experiments. Trained on 50 and 100 base classes
for NTU RGB+D 60 and NTU RGB+D 120 respectively,

TABLE II: Ablation study results (%).

Teacher APR NTU RGB+D 60 NTU RGB+D 120
78.70 65.31
v 80.06 66.88
v v 83.31+£0.24 72.09+0.51

TABLE III: Evaluation of o on the NTU RGB+D 60 dataset.

a=0.5
79.74

a=0.6
79.76

a=0.3
79.68

a=0.4
80.06

parameter o

Accuracy

our proposed PGSOAR consistently achieves superior perfor-
mance compared to all existing methods on both benchmarks.

On the larger-scale NTU RGB+D 120 dataset, we further
evaluate the 20-way One-shot action classification perfor-
mance when employing different numbers of base classes (20,
40, 60, 80). As the number of base classes increases, the
action recognition performance of all methods consistently
improves, which demonstrates the importance of base action
diversity for enhancing the generalization ability. Our PG-
SOAR outperforms previous methods based on RNNs [7],
CNNs [8], [9], Transformer [15], and GCNs [12], [16], [18],
[19] under all configurations of base classes. In comparison
with part-based [11], [17] and multi-scale [20] representations,
our method aggregates joint features into a compact global
representation, achieving superior performance under settings
with a large number of base classes, while maintaining com-
petitive results even with fewer base classes. This highlights
its robustness across varying base class scales by transferring
reliable knowledge from the teacher model.

D. Ablation study

We perform an ablation study to analyze the contribution of
the two key components in PGSOAR. As shown in Table II,
the teacher guidance optimizes a more generalizable feature
space. The unsupervised APR strategy increases the precision
of the novel-class by 3.25% and 4.85% on NTU RGB+D 60
and NTU RGB+D 120, respectively. These results confirm that
PGSOAR effectively mitigates severe single-reference bias.
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Next, we also evaluate the distillation weight parameter
« in Equation (4) and the unlabeled query subset size |B].
Table III reveals that performance peaks at o« = 0.4. This
empirical finding indicates that the student model strikes an
optimal balance between learning discriminative features from
the classification loss and absorbing structured knowledge via
distillation. For the APR strategy, figure 4 summarizes the
model performance on both datasets when the subset size
ranges from 1 X N to 5 x N. Results show that significant per-
formance improvement can be achieved with an exceptionally
small set of unlabeled queries, highlighting the data efficiency
of the proposed APR strategy.

V. CONCLUSION

This paper have presented the PGSOAR framework to
address the single-reference bias in skeleton-based one-shot
action recognition. During episode training, PGSOAR em-
ploys a teacher-student architecture where the teacher provides
prototype-based supervision, while the student utilizes MAST-
GCN for adaptive multi-stream feature fusion. During testing,
the APR strategy refines novel action prototypes using SN
unlabeled queries. Extensive experiments and ablation studies
on NTU RGB+D 60 and NTU RGB+D 120 benchmarks
confirm PGSOAR’s strong generalization and the effectiveness
of its core components.
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