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Abstract

Skeleton-based human action recognition is promising due to
its privacy preservation, robustness to visual challenges, and
computational efficiency. Especially, the practical necessity
to recognize unseen actions has led to increased interest in
zero-shot skeleton-based action recognition (ZSSAR). Exist-
ing ZSSAR approaches often rely on manually crafted action
descriptions or visual assumptions to enhance knowledge
transfer, which is limited in flexibility and prone to inaccu-
racies and noise. To overcome this, we introduce Semantic-
guided Cross-Modal Prompt Learning (SCoPLe), a novel
[framework that replaces manual guidance with data-driven
prompt learning for refinement and alignment of skeletal and
textual features. Specifically, we introduce a dual-stream
language prompting module that preserves the original se-
mantic context from the pre-trained text encoder while still
effectively tuning its ouput for ZSSAR task adaptation. We
also introduce a joint-shaped prompting module that learns
tuning for skeleton features and incorporate an adaptive
visual representation sampler that leverages text semantics
to strengthen the cross-modal prompting interactions during
skeleton-to-text embedding projection. Experimental results
on the NTU-RGB+D and PKU-MMD datasets demonstrate
the state-of-the-art performance of our method in both ZS-
SAR and generalized ZSSAR scenarios.

1. Introduction

Human Action Recognition (HAR) is essential in various
fields, including surveillance [7, 17, 32], healthcare [1, 46],
human-computer interaction [2, 40], and smart environments
[4, 24, 41, 45]. Within HAR, skeleton-based action recogni-
tion has garnered significant attention due to its unique ca-
pability to capture class-determinant body joint movements
while ensuring privacy [13, 27, 38]. Moreover, skeleton data
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Model NTU-RGBD 60 NTU-RGBD 120
55/5 split 48/12 split 110/10 split 96/24 split
CLIP 62.58 33.16 63.92 48.15
CLIP-CoOp [49]  75.88 (+13.3%) 3632 (+3.16%) 64.8 (+0.88%)  46.02 (-2.13%)
CLIP-MaPLe [18] 65.59 (+3.01%) 34.93 (+1.77%) 66.45 (+2.47%) 47.42 (-0.73%)
CLIP-DSLP (ours) 7021 (+7.63%) 40.69 (+7.53%) 68.88 (+4.96%) 48.17 (+0.02%)

Table 1. ZSSAR accuracy for adapting CLIP with different common
prompting techniques or our DSLP (see Sec. 3.2) on NTU-RGB+D
60 and NTU-RGB+D 120. For previous approaches, we only pre-
serve their prompting frameworks for the text branch because the
shape of the skeleton features is not compatible with their original
designs for visual prompting which are applied for image encoding.

is robust to common visual challenges such as background
clutter and lighting variations [6], and is computationally
efficient, making it suitable for resource-constrained environ-
ments [28, 31, 47]. These advantages have led to increased
research efforts on the topic in recent years [5, 21, 26, 44].

Most of the present skeleton-based action recognition
approaches [8, 10, 35-37, 43] focus on fully supervised
learning, where both training and testing involve the same
fixed set of action classes. However, in practical scenar-
ios, the vast range of human actions, combined with the
high cost and time required to collect and annotate data for
each possible category, demands models that can be effec-
tively adaptable to new recognition tasks involving unseen
classes. Zero-shot skeleton-based action recognition (ZS-
SAR) is designed to tackle this challenge — enabling models
to recognize novel actions without requiring explicit training
examples for them.

In addressing ZSSAR, the major challenge is achieving
effective knowledge transfer, which requires constructing
a shared semantic space to bridge a generalized visual rep-
resentation distribution for seen and unseen actions. Prior
research in ZSSAR [9, 14, 42, 51] has solved this by lever-
aging label embeddings from pre-trained language models
(e.g., BERT) as generalizable intermediate references for
distribution learning and developing various strategies to
expand the scope of transferable knowledge. While effective,
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they often rely on careful assumptions and manually crafted
techniques to guide the training. For example, some latest
solutions involve semantic decomposition that makes simpli-
fied assumptions about action labels. [14] assumes that every
action label follows a “verb+noun” syntactic structure. [51]
and [9] require the manual generation of local movement
descriptions for each label by GPT [3] for body-part-based
learning. The success of these approaches is highly sensitive
to the quality and consistency of the assumptions and descrip-
tions, which might introduce noise or irrelevant information
that does not directly aid in skeleton-text alignment.

In this work, we shift away from manually crafted guid-
ance and delve into ZSSAR solutions through purely data-
driven prompt tuning for cross-modal knowledge refinement
and alignment. In particular, our aim is to investigate both
text and skeleton side prompt learning to automatically ex-
tract essential contextual signals from action labels and trans-
mit them across the modalities, thereby reducing reliance on
artificial assumptions and operations. By automatically cap-
turing task-refined cross-modal semantics from the labels,
the model can focus on tuned consistent contexts shared
across similar actions, allowing it to establish generalizable
visual patterns that define each potential action. This ulti-
mately enhances knowledge transfer, enabling the model to
recognize new actions without support from specific analyses
or detailed descriptions.

Antecedent works on prompt learning laid the methodol-
ogy foundation for enhancing pre-trained multi-modal mod-
els (PMMs) such as CLIP [30] by concatenating learnable
prompt embeddings with class text tokens or image patch em-
beddings before feeding them into the encoders [49], or by
inserting learnable prompts at each encoder layer to fine-tune
the attention distribution [18]. Ensuring learning interaction
and synchronization between prompts in different data-mode
encoders is another important technique to develop tuning
efficiency [18, 48]. Showing success in image-based su-
pervised task adaptation, these methods also remain valid
in some zero-shot learning (ZSL) scenarios. Yet, accord-
ing to the 11 dataset experiments in [18], the improvement
is unstable and sometimes still fail to surpass the baseline
of only using CLIP. In Tab. 1, we conducted a validation
experiment by applying common prompting methods (e.g.
CoOp [49] and MaPLe [18]) to CLIP for ZSSAR, and the
results yield similar volatile performance gains. We argue
that this instability may arise from the impact of learnable
prompts on the generalizability of the original CLIP model
to unseen actions. Specifically, a CLIP text encoder, built
on a Transformer architecture with a self-attention mecha-
nism, is pre-trained on extensive visual-text pairs to support
broad generalization. However, prompts trained exclusively
on seen classes can alter the attention outputs of text labels
in ways that can significantly impact the model’s inherent
ability to generalize to the semantic context of new classes.

In such cases, the model is overly reliant on these modified
attention distributions and feature adjustments introduced by
the learnable prompts, which can sometimes enhance perfor-
mance, but may also compromise the fundamental strengths
of CLIP. Additionally, these methods’ original prompting
strategy for the image branch does not directly accommodate
skeleton features due to differences in data shape. The ab-
sence of prompting on the visual side will further exacerbate
the tuning instability.

To address this, we argue that both the attention output
of the original and prompted encodings should be consid-
ered for optimal generalization. We propose a dual-stream
language prompting (DSLP) module. It consists of a pre-
trained CLIP text encoder that retains the original encoding
stream, along with a second stream that learns layer-level
prompts, which tunes the prompted feedforward features
while adaptively integrating the original attention distribu-
tion from the first stream. This enables the model to balance
between the preservation of the original context structure
and the tuning of the features. Furthermore, to facilitate
the corresponding tuning for skeleton feature refinement,
we propose a semantic-guided skeleton prompting module
that uses joint-shaped prompts to optimize task-relevant con-
texts. The design is grounded in the unique data structure
of skeleton joint features. The module then incorporates an
adaptive visual representation sampler that synchronizes the
prompted text semantics from the language branch as queries
to gather class-relevant prompted visual clues for project-
ing skeleton-to-text embeddings. To this end, we establish
all the core components of our proposed Semantic-guided
Cross-Modal Prompt Learning (SCoPLe). In summary, the
main contributions of this work include:

* We propose a dual-stream language prompting module
that enhances the semantic extraction capabilities of the
pre-trained CLIP text encoder, particularly improving its
generalization to refine textual features for novel classes.
We introduce a semantic-guided skeleton prompting mod-
ule. It learns joint-shaped prompts to refine skeleton fea-
tures, utilizing an adaptive visual representation sampler
to implement cross-modal prompted feature alignment.

* We evaluate SCoPLe in both ZSSAR and Generalized
ZSSAR scenarios, demonstrating its ability to achieve
state-of-the-art performance on the unified baselines of
NTU-RGB+D 60, NTU-RGB+D 120, and PKU-MMD,
without requiring extra manual semantic knowledge defi-
nition/enrichment or local movement segmentation.

2. Related Works
2.1. Skeleton-based Zero-shot Action Recognition

Zero-shot skeleton-based action recognition (ZSSAR) ad-
dresses the challenge of recognizing skeleton-based actions
without access to training samples for target classes. This
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paradigm represents a specialized knowledge transfer prob-
lem in which the source and target domains maintain non-
overlapping label distributions while sharing the same input
domain of uniformly shaped skeleton sequences. General-
ized ZSSAR extends this challenge by incorporating discrim-
ination from the seen class during testing.

Early methodologies primarily focused on two types of
strategies: visual-to-semantic projection and shared encod-
ing space construction. In 2019, [42] initially proposed fun-
damental learning frameworks based on these two theories.
They demonstrated that one can either utilize common-space
metric learning under a Relation-Net architecture, which
transforms both skeleton and text format features, or apply
visual-to-semantic embedding projection using a DeViSE
[12] model, followed by similarity-based semantic match-
ing. ReViSE [39] aligned latent space outputs from individ-
ual data modality autoencoders by minimizing maximum
mean discrepancy loss. Moreover, CADA-VAE [33] and
SynSE-ZSL [14] employed variational autoencoders for gen-
erative latent space with cross/intra-modal reconstruction
alignment, introducing part-of-speech decomposition to en-
hance semantic overlap and improve knowledge transfer.
PURLS [51] and STAR [9] regard action recognition as the
discrimination of combinations of overlapping sub-motions
appearing in both seen and unseen classes. By utilizing
GPTs to extract sub-motion semantics, they established a
multi-scale cross-modal representation matching to enrich
seen-to-unseen knowledge transfer. During semantic align-
ment, PURLS uses fixed preamble prompts for each sub-
motion description, while STAR employs naive prompting
concatenation before applying feature projection for each
local part, where the main prediction improvements for both
solutions arise from the introduction of labor-intensive local
pattern learning. SMIE [50] focuses on maximizing mu-
tual information for distributional semantic alignment while
incorporating temporal rank loss for more comprehensive
feature matching. SA-DVAE [22] tackles information im-
balance by disentangling skeleton features into semantically
related and irrelevant components.

While preceding baselines incorporate sophisticated ar-
tificial designs to boost knowledge transfer in skeleton se-
quence features, our method fully harnesses the pre-trained
CLIP knowledge through purely data-driven task adapta-
tion, eliminating the need for additional manual transferrable
knowledge definition, enrichment, or local movement seg-
mentation.

2.2. Prompt Learning

Before the proliferation of prompting techniques, fine-tuning
was pivotal for adapting pre-trained large models (PLMs)
to specific tasks. Although it efficiently leveraged PLM
knowledge, it required labor-intensive supervised training
to adjust the model’s backbone weights for targeting task-

beneficial features. Depending on the domain discrepancies
between pre-training and task data, fine-tuning can vary its
learning object as either the final layers or the entire model.
However, the process eventually becomes cumbersome and
costly due to the exponential increase in model size, with
parameters ranging from millions to trillions [11, 20, 29].
To mitigate these challenges, researchers have explored
lightweight plug-in modules that can freeze all pre-trained
parameters, using small training tasks to find additional learn-
able embeddings concatenated to the standard inputs to op-
timize the output. Prompt learning, which originated from
manual label prompting operations in CLIP [30], was first
systematized by Lester et al. [19], who introduced learnable
vectors to Transformer inputs. [49] refines this concept by
enabling the training of independent prompt sub-embeddings
that are attached to the front of the original label embeddings.
However, static prompts lack dynamic and visual-level gen-
eralization across various classes [48], leading to the integra-
tion of visual cues via Meta-Net for generating conditional
prompts based on instances. Concurrently, [23] emphasized
that the inclusion of layer-level learnable prompts can further
improve task adaptability in feature extraction during infer-
ence, and [18] correspondingly designed a prompting frame-
work tailored for visual transformer branches. LoRA [16]
advocates for inserting trainable low-rank matrices within
the query projection of a Transformer attention module to
facilitate nuanced parameter tuning for task adaptation. In
2022, [15] consolidated the theoretical derivation regarding
adapters, prefix tuning (i.e. prompt learning) and low-rank
matrix updates, pointing out that these solutions serve the
same adaptation intuition but differ only in design choices.
Based on their conclusive formula, they introduced Paral-
lel Adapters for competitive accuracy through combined
parallel learning and non-linear low-rank adjustments.
Previous approaches have demonstrated the effectiveness
of prompt learning in fully supervised training environments
by experimenting with various prompt insertion positions
within model architectures and diverse integration method-
ologies. However, their research focuses on RGB-based
and textual inputs, lacking in-depth exploration of adapt-
ing skeleton-based features, and present deterioration risks
on base-to-novel generalization. Our approach addresses
these issues by developing skeleton-feature-friendly prompt-
ing and introducing attention normalization to preserve the
authentic label contexts for better new class generalization.

3. Methodology

Problem Definition. Let D;, = {(x5¢, y;°)} represents the
set of V. training samples from the available seen classes
Ys¢. Each skeleton sequence z5¢ € RL*/XMX3 records
the 3-D locations of .J body joints for each actor across L
frames. Here, M denotes the maximum number of actors
per sequence, and y;¢ € Y°¢ is the corresponding action
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Figure 1. (a) Overview of our proposed SCoPLe to solve (G)ZSSAR within a cross-modal semantic alignment framework. SCoPLe tunes
both the skeleton and language branches by learnable prompts, while the original weights of the backbones remain frozen. On the linguistic
side, SCoPLe enhances the text branch with a dual-stream language prompting (DSLP) module, effectively preserving the strengths of
the original pre-trained CLIP knowledge to normalize textual prompt learning. On the visual side, SCoPLe introduces a semantic-guided
skeleton prompting module, which includes joint-shaped prompts and an adaptive visual representation sampler to optimize the skeleton
feature projection for synergistic semantic alignment with text-side tuning. (b) Illustration of the dual-stream language prompting module.

label from the seen class label set. Similarly, let Dy, =
{(z¥e,yu)} denote the set of Ny, testing samples from
the unseen classes )“¢. In a standard ZSSAR setting, we
have Y*¢ N Y“¢ = ¢. By training solely on seen-class
samples, we aim to develop a model capable of robustly
projecting skeleton features from unseen classes, enabling
accurate predictions § € Y*““ by mapping these features
to their corresponding label embeddings. To extend the
problem to GZSSAR, we require the model to predict § €
Y U Y*¢, where it should accurately identify both seen
and unseen classes. This presents extra challenges for the
model, as it must not only generalize to unseen classes but
also distinguish them from seen classes.

3.1. Model Overview

Fig. 1 (a) presents the overall architecture of the proposed
Semantic-guided Cross-Modal Prompt Learning (SCoPLe)
based on a cross-modal embedding alignment framework.
Unlike previous approaches that rely on strong assumptions
about label semantics or visual information structures to
enhance learnable knowledge transfer, our method empha-
sizes automatic learning of textual and visual prompts to
improve feature representation and cross-modal alignment.
To achieve this, we propose two key components: 1) a dual-
stream language prompting module and 2) a semantic-guided
skeleton prompting module. Below we describe the details.

3.2. Dual-stream Language Prompting

We propose using learnable textual prompts on a pre-trained
CLIP text encoder 7 to assist the extraction of key context
knowledge signals from action labels, reducing the depen-
dence on using manual descriptions for refining the linguistic
semantic targets used for skeleton-side projection alignment.
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e
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(b)

This allows the model to automatically adapt for learning
consistent and task-specific features across actions, improv-
ing knowledge transfer and facilitating the recognition of
new actions. However, due to the learning mechanism in
the CLIP text encoder (based on a Transformer architecture),
common prompt learning methods that concatenate learnable
prompts with label text tokens [18] for integrated tuning can
disrupt the entire self-attention distributions that interpret
the semantic contexts of the original labels, consequently
limiting and degrading the innate generalizability of CLIP, if
the prompts are only trained with seen class samples.

To address this, for each layer in 7, we attach a dual-
stream language prompting module. As shown in Fig. 1
(b), the module processes the layer input in two streams:
a regular encoding stream to extract original label token
features, which preserves the authentic semantics of the
input text label y, and a prompted encoding stream that
enhances contextual information shared across actions for
task adaptation. For the second stream, before conducting
prompt-inclusive attention and feedforward calculations, we
first decorate its input with a layer-level prompt and apply
a learnable weighted aggregation to combine the attention
output from the first stream. This enables the model to
selectively preserve the original semantic context structure
while effectively incorporating the prompted tuning to refine
the token feature content. Formally, before sending y to 7,
we first follow the operation from [49] and concatenate a
preamble prompt initialized as the phrase ‘A skeleton video
for the action of” before the label text. Since each word will
have its own token embedding, this allows us to replace some
parts of the preamble phrase with learnable prompts without
modifying the label texts. We swap the first two tokens
in the preamble prompt with a learnable vector P, of the
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same length to incorporate basic input channel tuning, and
these positions are also used as the swapping slots for later
layer-wise prompts. The input for 7 is now defined as Ej.
Then, as shown in Fig. 1 (b), for any arbitrary layer T, where
s € [1,5], S < Z and Z denotes the number of layers
in 7, it is primitively composed of a multihead attention
layer Att, and a feedforward layer FFN, with pre-trained
parameter weights. In our learning process, it handles two
streams of input: Es_; and E,_,. F,_; is the output of the
previous layer 7;_; that encodes E without any additional
layer-level tuning modification, while E’_; is the second
stream output from 7;_; that incorporates encoding tuning
by the previous layer-wise prompt. For the original encoding
stream, the output E of T is calculated from E_; as

E, = Attg(LayerNorm(E;_1)), )
El* = E, 1 + E,, ()
Es = 7—5(Esfl)

= E"° 4 FFN,(LayerNorm(E7°%)),  (3)

where Es is the output of Att, and Eges is the result of
adding residual connections. For the prompted encoding
stream, E_, first replaces its decorated positions prompted
by the previous layer with the current layer prompt P/ . We
denote this output by E_;. Then, it is enhanced with the
attention output of E, to emphasize the information of the
original label semantics. This is achieved through a weighted
aggregation controlled by a learning layer parameter o, that
balances between the tuning effect and the original encoding
for a best generalized adaptation. The resulting E*; then
goes through the ordinary attention learning and feedforward
network in 7 using the pre-trained parameters and produces
E! as the prompted stream input for the next layer. Note
that the location decorated with layer prompts is now en-
coded as ]5? rather than the native value of P . The actual
procedures are implemented as

E;_, =[P],E,_;\PL], “
E¥ =1 —a)Ef |+ a,E;, 5)

E! = Att,(LayerNorm(E'* ), (6)
B =B+ B ©

B, =T(E, 1)
A TES A Tes
= FE', 4+ FFN(LayerNorm(E’, )), (8)

where [-, -] refers to the concatenation operation and \ refers
to the removal operation. We implement layer-wise prompt-
ing on the first S layers while keeping the remaining blocks
in 7 unchanged as regular layers. This ensures that the sub-
tle contextual tuning in each layer eventually accumulates
and is comprehended in a non-linear manner at the end to
influence the final output. The final output ' € R%e=t of T

is computed from the subsequent encoding of the rest Z — S
layers according to EY from the Sth prompted layer as

(Es, Es) = (To(Es-1), To(Es 1)), ©)
F = TextProj(Fy). (10)

dieqt is the final text feature dimension and TextProj(-)
is the combination of the remaining Z — S layers. S is a
pre-definable hyperparameter.

3.3. Semantic-guided Skeleton Prompting

While each skeleton joint feature captures spatial-temporal
visual information, they lack direct semantic context unless
learned in conjunction with the entire human body. The pri-
mary objective of visual prompting is to strengthen semantic
tuning interactions between the skeleton joint features and
the corresponding label embeddings. To achieve this, we
propose a semantic-guided skeleton prompting module that
learns joint-shaped prompts for the visual side based on the
prompted textual output. This refines the skeleton features
to enable a more accurate representation and understanding
of the visual data in relation to textual cues.

Joint-shaped Prompts. Previous work on learnable
prompts [18, 48, 49] has established a basic paradigm for
effectively integrating prompts by integrating them into
the original data structure of the sample during the fea-
ture feedforward process. Therefore, we propose a joint-
shaped prompt that matches the unique encoding format
of skeleton features. Given a 3D skeleton sequence in-
put z € REXIXMX3 e first use a universal pre-trained
Shift-GCN [10] backbone to extract its joint visual features
G = G(x) € RI*dsket where dgpe; is the skeleton fea-
ture dimension. To simplify the calculations, we average
the features across M performers and the temporal dimen-
sions. The visual prompt is then established in the format of
PY € Rlpv*dsket where L pv is the prompt length and the
feature shape aligns with the real joint feature. The prompt
is initialized with random values z ~ N (0, 1). The design
intuition is to simulate L pv fake joint features that introduce
contextual information facilitating text semantic alignment.

Adaptive Visual Representation Sampler. To extract
textual-relevant alignment information from the skeleton
features, we propose an Adaptive Visual Representation
Sampler that leverages the textual branch output to perform
cross-attention sampling on the original joint features and
visual prompts, with weights determined by their semantic
relevance to the targeted labels (see Fig. 2). This obtains
a semantic-relevant visual feature for better skeleton-text
alignment. Given the skeleton feature output G, the joint-
level prompt PV and the textual embedding F, we establish
three attention matrices W¢y € RteztXh "Wy g Rdskerxh,
and Wy € R%rerXdr 1 refers to the dimension size of
the projected features and dp is the dimension size of the
output feature. We project I’ to get the query vector Fy €
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Figure 2. Illustration of the internal architecture of Adaptive Visual
Representation Sampler. Each colored block represents either an
text encoding output, a fake joint feature (i.e. skeleton-shaped
prompt), or a true joint feature.

R'*" and find its semantic relevance with the projected
key vector G € RUFEpv)XP of the concatenated vector
of PV and G. After obtaining the relevance score A €
R (J+Lpv) through the external product between Fyy and
Gk, we can apply a dot production between A and the
projected value vector Gy € R(/+Lpv)*dr to produce the
visual representation R € R%® that adaptively highlights the
most class-relevant prompted visual contexts according to
the given label.

Fo=FWy, an
Gk = [PY,G)|Wgk,Gy = [PY,GIWy,  (12)
A = Softmax((Fg x G%)/Vh), (13)
R = AGy. (14)

As indicated in Fig. 1 (a), R then goes through an MLP V to
generate V' € R%e=t which expresses the projected visual
embedding of x in the text encoding space. W, W, Wy,
are randomly initialized and learn along with V.

3.4. Learning Losses

At this point, to achieve a complete learning optimization
for generalization towards dual-modal alignment in ZSSAR,
we have proposed respective prompting solutions for each
branch that appropriately enhance the visual and textual rep-
resentations of V' and F' from the pre-trained skeleton and
CLIP backbones. During the training stage, we employ the
standard contrastive learning loss [30] to minimize the em-
bedding similarity between the projected visual and textual
representations. This can be written as

1 exp(TF)
Lirain(V, F) = — ) log Zyba,tch eXp(VFO) (15)
1 VF
Ly ) (16)

207 %, exp(Yeh),

where F, refers to the class textual embedding of all the other
o (negative) samples in the same batch, and V,,, represents the

projected visual embedding from all the other w (negative)
skeleton samples. The temperature parameter 7 regulates the
training gradient.

During the inference stage, a skeleton sequence input
2t goes through the frozen skeleton backbone to get G, .
Using G, and the learned prompted text encoder 7 to
obtain the textual embedding F, and the corresponding rep-
resentation V;te for each candidate y € )" based on cross-
attention query, the classification is based on the search for
the nearest class neighbors of V,*<. The following equations
interpret the mentioned prediction process.

1 exp( YR )
es Fre ) Fy)=—--1 T ) 17
Cel B T S gy
yAte = arg min Etest(‘/yrte ) EJ) (18)
yeyuc
4. Results
4.1. Datasets

We follow [22] to evaluate the ZSSAR performance of our
model on three datasets according to the metrics of a) general
performance and b) random three-split prediction from [22].
The splits are based on cross-subjects, ensuring that the
training and testing subjects do not overlap. In a test split
formatted as ‘A/B’, A refers to the number of seen classes,
while B refers to the number of unseen classes.

NTU-RGB+D 60 [34] is a prominent benchmark dataset
in skeleton-based HAR, offering a vast and diverse collec-
tion of data for 60 different common actions. It comprises
56, 880 video samples from 40 subjects, captured from 80
distinct camera viewpoints. In our experiment, we used its
skeleton sequences collected from 25 body joints per person
(setting 2 performers in each sample). Following the zero-
shot evaluation protocols in [14], we tested our model under
a 55/5 split and a 48/12 split.

NTU-RGB+D 120 [25] is an extension of NTU-60, which
stands as one of the most extensive datasets for HAR at
present. This dataset includes 114, 480 video samples across
120 action classes, significantly expanding the diversity and
complexity of actions compared to its predecessor. The
actions are performed by 106 subjects and captured from
155 different camera viewpoints. Analogous to the previous
dataset, we follow [14] and use the splits of 110/10 and
96/24 for the evaluation setups.

PKU-MMD is a mid-scale dataset that encompasses 51
action categories and provides more than 20,000 action in-
stances. It is notable for its inclusion of complex and inter-
active actions, which makes it suitable for evaluating algo-
rithms in both individual and group activity recognition. We
calculated the average accuracy from three random split set-
tings in the format of 46/5. The selected splits are referenced
from the same experiments in [22].
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NTU-RGBD 60 NTU-RGBD 120
Model Backbone 55/5 split 48/12 split 110710 split 96/24 split

ZSL S U H ZSL S U H ZSL S U H ZSL S U H
ReViSE [39] BERT 5391 7422 3473 4732 1749 6236 2077 31.16 5504 48.69 44.84 46.68 32.38 49.66 25.06 33.31
JPoSE [42] BERT 64.82 6444 5029 5649 2875 6049 20.62 30.75 51.93 47.66 4640 47.05 3244 38.62 2279 28.67
CADA-VAE [33] BERT 76.84 6938 61.79 6537 2896 51.32 27.03 3541 59.53 47.16 49.78 4844 3577 41.11 34.14 3731
SynSE [14] BERT 75.81 6127 5693 59.02 3330 5221 27.85 3633 62.69 5251 57.60 5494 3870 5639 3225 41.04

SMIE [50] BERT 77.98 / / / 40.18 / / / 65.74 / / / 45.30 / / /
STAR [9] CLIP 81.40 69.00 69.90 69.40 45.10 6270 37.00 46.60 63.30 59.90 5270 56.10 44.30 51.20 36.90 42.90

PURLS [51] CLIP 79.23 / / / 40.99 / / / 71.95 / / / 52.01 / / /
SA-DVAE [22] BERT 8237 6228 7080 6627 4138 5020 3694 4256 6877 61.10 59.75 6042 46.12 58.82 3579 44.50
SCoPLe (ours) CLIP 8410 69.60 71.94 70.75 5296 5449 61.83 5793 7453 63.51 61.08 6227 5217 5333 51.18 5223

Table 2. ZSL and GZSL accuracy (%) on the NTU RGB+D datasets.

Each baseline chooses either a pretrained Sentence-BERT or

CLIP-ViT-B/32 as its text backbone. S is for seen classes, U is for unseen classes, H is for the harmonic mean of seen/unseen classes.

NTU-RGBD 60 NTU-RGBD 120 PKU-MMD
Model 55/5 split 48/12 split 46/5 split

ZSL S u H ZSL S u H ZSL S U H
ReViSE [39] 6094 7175 5206 6034 4490 4829 34.64 4034 5934 6089 42.16 49.82
JPoSE [42] 59.44 6625 5492 60.05 46.69 4943 39.14 4369 57.17 6026 45.18 51.64
CADA-VAE [33] 61.84 77.35 58.14 6638 4515 51.09 4124 4564 60.74 63.17 3586 45.75
SynSE [14] 64.19 7584 60.77 67.47 4728 41.73 4536 4347 5385 63.09 40.69 49.47

SMIE [50] 65.08 / / / 46.40 / / / 60.83 / / /
SA-DVAE [22] 8420 78.16 7260 7527 50.67 58.09 4023 47.54 6654 5849 5140 5472
SCoPLe (ours) ~ 83.72 7532 80.17 77.67 5334 7047 4429 54.08 7141 62.17 49.69 54.85

Table 3. Average ZSL and GZSL accuracy (%) under the random
split settings on the NTU-60, NTU120, and PKU-MMD datasets.

4.2. Implementation Details

To fairly highlight the superiority of our method, we use
Shift-GCN as the skeleton backbone, consistent with the
previous baseline (see Sec. 3.1 in our Supplementary Ma-
terials for ablation study with various backbones). Our text
prompt is embedded within a pre-trained CLIP-ViT-B/32
text encoder. Adhering to the training protocols in [14],
we only use samples from the seen classes to pre-train the
skeleton backbone for each split. The visual features are
then obtained from the d;-dimensional penultimate layer
of the backbone, preserving the standard feature format of
G € R7*dsket where dgje; is 256. The textual features F
are represented by the 512-dimensional encoding outputs.
We implement the projection layer V as a two-layer MLP
with SiLU activations and a Tanh output layer. The size
dproj of each hidden layer in V is 512. We set the length
of prefix prompts P] to 2 and the depth of layer prompt
tuning S to 3. The number of joint-shaped prompts Lpv is
3. Following the operations in [18], we randomly initialize
the layer-level prompts PST for each Transformer block of
s € [0,5) according to a normal distribution ~ N (0, 1).
The Adaptive Visual Representation Sampler holds W €
RO12X150 W, ¢ R256X150 3nd Wy, € R256%256 \where
h = 150 and dr = 256, using single-headed attention
learning. «s in each prompted layer in 7 is initialized to 0.5
to balance contributions from the original text encoding and
the prompted tuning streams at the beginning. We conducted
our experiments using PyTorch on a machine equipped with
a single A100 GPU. Each training process takes 100 epochs
and a learning rate of 1le — 4. The batch size is set to 256.
We use an Adam optimizer with f1 = 0.9 and 2 = 0.999.

Adaptation to Generalized ZSSAR: We design an extra
step to mitigate the classification confusion between seen

and unseen classes. Drawing inspiration from OOD domains,
we implement a gating mechanism based on the prediction
entropy confidence. In detail, we first let SCoPLe make simi-
larity predictions p, = Etest(Vfﬁ , Fy) for a testing sample
x4 With only seen class candidates y € V*¢. Using this as
an inference logit, we obtain the entropy H, by calculating
H, = —pylogp, for all seen class candidates. Given a
pre-defined entropy threshold §, we assume that the model
will more confidently predict H, to be below ¢ if x¢. has
a ground truth label y from seen classes, since its feature
should exhibit more representative characteristics when be-
ing predicted as a seen class. If all H, exceed J, we then
perform the standard zero-shot classification, in which the
model classifies x;.s; as one of the unseen classes in J““.
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03 03 03

02

5 6 7 01 3 5 7
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Figure 3. Ablation study on Prefix Prompt Length (a), Layer Prompt

Depth (b), and Joint-shaped Prompt Number (c) in SCoPLe with
the testing split of 12/48 in NTU-60.

4.3. Overall Performance

As shown in Tab. 2, we compare our method with all pre-
vious ZSSAR solutions following the same testing proto-
cols originally established by [14]. For zero-shot learning,
SCoPLe outperforms other baselines and achieves state-of-
the-art prediction accuracy in each split case. Note that,
due to varying design requirements, the textual backbones
used among methods can differ and may significantly im-
pact performance improvement. Nevertheless, during the
random 3-split testing experiment, all solutions are equipped
with the same CLIP backbone, and Tab. 3 demonstrates that
our method still has an advantage over the previous SOTA
baseline of SA-DVAE [22] for the 48/12 split and the 46/5
split, with accuracy increases of +2.67%, and +4.87%. Simi-
larly, for the more challenging task of Generalized ZSSAR
in both the general and 3-split protocols, SCoPLe improves
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NTU-RGBD 60

NTU-RGBD 120

Model 55/5 split 48/12 split 110/10 split 96/24 split
ZSL S U H ZSL S U H ZSL S U H ZSsL S U H
SA-DVAE [22] (last SOTA) 8237 6228 70.80 66.27 4138 5020 36.94 4256 68.77 61.10 59.75 6042 46.12 58.82 3579 44.50
SCoPLe w/o all prompts 62.58 41.16 80.63 54.50 33.16 53.78 5835 5597 6392 39.13 6235 48.08 48.15 32.02 64.33 4276
SCoPLe w/o text prompts 6339 3721 8287 51.36 3241 53.67 5748 5551 64.69 49.69 61.00 5477 46.14 3222 6424 42.92
SCoPLe w/ text prompts (no dual) 7532 57.85 70.61 6359 4473 6274 51.14 5635 6593 58.66 5690 57.76 46.02 54.18 41.74 47.15
SCoPLe w/o skel. prompts 7021 6792 61.03 6429 40.69 5535 5594 5564 6888 67.82 4375 53.19 48.17 51.84 4946 50.62
SCoPLe w/ skel. prompts (no sampler) 70.72 65.60 66.04 6582 40.78 4890 61.93 54.65 67.92 6747 4517 5411 4041 48.66 5293 50.71
SCoPLe (full) 84.10 69.60 7194 70.75 5296 5449 61.83 5793 7453 63.51 61.08 6227 5217 5333 51.18 5223

Table 4. Ablation study on each proposed module with all testing splits for ZSL and GZSL on NTU-RGB+D datasets.

the best hybrid accuracy of previous baselines with +1.35%,
+11.33%, +1.85%, +7.73% in Tab. 2, and +2.40%, +6.54%,
+0.13% in Tab. 3. In Sec. 2.4 of our Supplementary Ma-
terials, we include additional experiments to examine the
limit when training data becomes significantly insufficient
to produce a valid effect on ZSSAR.

Furthermore, we made a training efficiency comparison
between PURLS and SCoPLe using the 110/10 split on
NTU 120. The latter simplifies the operations of preparing
eight labor-intensive text description embedding (7 local&1
global) and uses the original single label embedding with
cross-attention query, achieving better performance with a
lower training time of 53 mins while PURLS took 72 mins.

4.4. Ablation Study

Tuning impacts of different prompting modules. Tab. 4
records our ablation experiment results on NTU datasets by
removing each proposed prompting module or mechanism
along the linguistic or visual branches. Specifically, we thor-
oughly examine the gradual ablation by testing the removal
of all prompt learning (w/o all prompts), all layer-level text
prompting (w/o text prompts), the attention normalization
introduced by the dual-stream mechanism (w/ text prompts
(no dual)), all skeleton prompting (w/o skeleton prompts),
and the Adaptive Visual Representation Sampler (w/ skele-
ton prompts (no sampler)). Their results are horizontally
compared with the performance of the full model (full).
Based on the outcomes, we can arrive at three obvious con-
clusions. First, by comparing the ablation study among w/o
all prompts, w/o text prompts, w/o skeleton prompts, and
full, we can validate that each prompting brings orthogonal
prediction improvements over directly using CLIP. Espe-
cially, using only skeleton prompting without any language
guidance and textual prompting (i.e. w/o text prompts) re-
sults in unstable advancement. This again corroborates the
fact that ZSL is highly dependent on the quality of language
embedding to enhance the efficiency of knowledge transfer.
In addition, comparing the study between w/ text prompts
(no dual) and full, we find that adding dual-stream normal-
ization not only improves prediction in ZSL protocols, but
also better balances prediction accuracy between seen and
unseen classes for GZSL protocols, thus improving overall
performance in this scenario. Finally, comparing the study
between w/ skeleton prompts (no sampler) and full, we

reveal that the introduction of textual guidance through the
adaptive visual representation sampler significantly improves
the auxiliary effect of visual side prompting.

Hyperparameter Selection. In Fig. 3, we conduct
a hyperparameter grid search and illustrate the effect of
changing the length of P (left), the layer prompting depth
of S (middle), and Lpv (right). We find that optimal design
choices occur when the length of POT is 2, S'is 3, and Lpv
is 3. The performance for values larger than these begins to
decrease, which can be interpreted as an overfitting situation
where the model cannot effectively allocate new parameters
to enhance prediction generalization.

A key characteristic of SCoPLe is that each module is
entirely data-driven and functions at full feature level. This
theoretically enhances its versatility beyond skeleton-based
recognition, especially for the text-based prompting brought
by DSLP. In Sec. 4 of our Supplementary Materials, we
have also conducted a preliminary exploration of image-
based base-to-novel generalization tasks.

5. Conclusion

In conclusion, this paper presents SCoPLe, a novel semantic-
guided cross-modal prompt learning framework. By in-
troducing dual-stream language prompting learning and
semantic-guided adaptive skeleton prompting learning mod-
ules, our approach shifts from manually crafted assump-
tions to a purely data-driven solution for adapting PLMs
to skeleton-based zero-shot learning tasks. The experimen-
tal results demonstrate that SCoPLe achieves state-of-the-
art performance on the NTU-RGB+D 60, NTU-RGB+D
120, and PKU-MMD datasets. A limitation of our method
compared to manually refined solutions like PURLS [51] is
the deficiency of interpretability, considering that SCoPLe
trades it for improved generalization and efficiency through
automatic learning on prompt tuning. In addition, future
research can further explore the extension of the concept of
our prompting normalization to other data modalities.
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