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Abstract

Skeleton-based action recognition (SAR) in videos is an important but challenging task in
computer vision. The recent state-of-the-art (SOTA) models for SAR are primarily based
on graph convolutional neural networks (GCNs), which are powerful in extracting the spa-
tial information from skeleton data. However, their ability to capture temporal dynamics
remains limited. To address this, we propose the G-Dev layer, which leverages path de-
velopment—a principled and parsimonious representation for sequential data based on Lie
group structures—to enhance temporal modeling. By integrating the G-Dev layer, the pro-
posed DevLSTM module summarizes local temporal dynamics, reducing the time dimension
while retaining high-frequency information. It can be conveniently applied to any temporal
graph data, complementing existing advanced GCN-based models. Our empirical studies
on the NTU-60, NTU-120 and Chalearn2013 datasets demonstrate that our proposed GCN-
DevLSTM network consistently improves the strong GCN baseline models and achieves
competitive performance. E|

1 Introduction

Action recognition has a wide range of applications in diverse fields such as human-computer interaction, per-
formance assessment in athletics, virtual reality, and video monitoring (Wang & Mohamed| [2026). Compared
to video-based action recognition, skeleton-based action recognition (SAR) exhibits stronger robustness to
varying lighting conditions, improved efficiency in computation and storage (Chen et al., |2021)), and better
preservation of data privacy. Skeleton data can be obtained either by localization of 2D /3D human joints
using depth cameras (Wang & Mohamed) [2026]) or pose estimation algorithms from videos (Lal et al., 2025)).

Despite extensive research in SAR, designing effective spatio-temporal representations of skeleton sequences
remains a key challenge. Previously, Recurrent Neural Networks (RNNs) were commonly used due to their
ability to capture temporal dynamics. The advent of Spatial-Temporal Graph Convolutional Networks
(STGCNs) (Yan et al., [2018) has shifted the focus towards Graph Convolutional Networks (GCNs), which
incorporate both spatial graph convolution and temporal convolution. The majority of subsequent GCN-
based approaches (Chen et al., 2021} [Shi et al.l [2020; |Cheng et al.l [2020b)), following the STGCN framework,
focus on the improvement of the spatial graph convolution, with limited attention to temporal modules.
These methods utilize 1-D temporal convolution operations to capture temporal features. However, whether
temporal convolution is the most effective approach for modeling complex temporal dynamics remains an
open question.

On the other hand, Rough path theory (Lyons| |1998)) originated as a branch of stochastic analysis to make
sense of controlled differential equations driven by highly oscillatory paths. More recently, the applications
of rough path theory in sequential data analysis are emerging. In particular, the path signature, as a
fundamental object of Rough path theory, has demonstrated strong capability in capturing temporal structure
across various domains, including SAR (Yang et al., [2022; |Shi et all 2024). By embedding time series into
the continuous path space, the signature offers a unified treatment to handle variable length and irregular
sampling. However, the path signature may face challenges such as the curse of dimensionality due to high

1The camera-ready version will contain a link to the code repository to ensure reproducibility.
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Figure 1: The work flow of G-Dev layer. The G-Dev layer takes a temporal graph (e.g., the skeleton sequence
) as an input and outputs a temporal graph with a potentially significantly reduced time dimension. For
each sub-time interval, we apply the G-Dev module (see Section to generate a static graph representing
the features within that window. We obtain the final temporal graph output by stacking these static graphs
along the time dimension.

path dimensionality and lack of adaptability due to its deterministic nature (Lou et al.| [2024a). To address
these, [Lou et al| (2024a) propose the path development from rough path theory, as a trainable alternative
to path signature. The path development enjoys the desirable properties of the signature while reducing
feature dimension significantly. [Lou et al| (2024a) show that combining the path development under the
appropriate Lie group with LSTM (Hochreiter & Schmidhuber} [1997)) alleviates the gradient vanishing,
leading to significant enhancement across various sequential tasks.

Motivated by these observations, this paper focuses on improving temporal modeling within GCN-based
frameworks. To this end, we introduce a novel G-Dev layer (as shown in Figure [1]) on the temporal graph,
where each node is associated with time-series features. This layer utilizes a sliding window to summarize lo-
cal temporal information via the principled path development, offering time dimension benefit and robustness
to missing data and irregular sampling. Building on this, we propose the GCN-DevLSTM network, which
retains the effectiveness of graph convolution for modeling spatial relationships among joints while leverag-
ing the hybrid capacity of the G-Dev layer and LSTM to capture temporal dynamics. To further enrich
structural modeling, we additionally incorporate a line graph stream to capture complementary higher-order
relationships between skeletal connections. Our GCN-DevLL.STM is flexible and can be integrated with dif-
ferent GCN backbones. Experimental results on NTU-60, NTU-120, and Chalearn2013 demonstrate that
our approach consistently improves strong GCN baselines on NTU datasets and achieves competitive per-
formance across all benchmarks. Furthermore, leveraging the properties of path development, our method
exhibits significantly enhanced robustness under challenging conditions such as missing or irregular frames.

We summarize our main contributions as follows:

e We design a novel and principled graph development (G-Dev) layer for analyzing temporal graph
data by extending the path development originally applied to vector-valued time series. As a generic
network on graph data with time-varying node attributes, G-Dev exhibits efficacy and robustness
to irregular sampling and missing data.

e We introduce the novel GCN-DevLSTM network for skeleton-based action recognition that effec-
tively combines the G-Dev layer with LSTM to capture complex temporal dynamics.

o We further incorporate the line graph as an additional stream to capture complementary higher-order
structural information, which provides further performance gains in strong multi-stream settings.
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¢ Extensive experiments demonstrate that our method consistently improves strong GCN baselines on
NTU datasets and achieves competitive performance across benchmarks, while providing enhanced
robustness under challenging conditions.

2 Related Work

2.1 Skeleton-based Action Recognition

The main challenge in SAR is extracting the effective representation that captures both spatial and temporal
dependency of skeleton sequences. Earlier methods typically use convolutional neural networks (CNNs) (Liu
and RNN (Liu et al., 2017al) to address this challenge without considering structural topology.
STGCN @ is the first method to capture spatial and temporal relationships using GCN, taking
the skeleton topology of the graph into consideration while this topology is not learnable, with only the spatial
connection between adjacent joints being connected. As a result, some actions that rely on non-adjacent
joints may lead to poor results. |[Liu et al| (2020) tackle this issue by introducing a learnable adjacency
matrix alongside the original manually defined one, enabling connections between non-neighboring joints.
Yet, this approach maintains the same graph for all action inputs, which might not be ideal, as different
action classes may benefit from different graph topologies. To address this, [Li et al.| (2019Db); [Shi et al.| (2019}
2020) propose adaptive GCN with the learnable and data-driven topology that shares among all channels.
Cheng et al.| (2020a); (Chen et al.| (2021)) further propose the non-shared topology for each channel. To capture
more comprehensive spatial dependencies, [Kilic et al.| (2025)); [Li et al.| (2025|) further enhance the skeleton
graph by dynamically integrating additional hierarchical structural graphs. Additionally, BlockGCN
reveals that purely learnable topologies may suffer from topology degradation, emphasizing the
importance of explicitly preserving structural priors. Other recent studies improved model performance by
enriching graph representations with higher-order features, such as angle-based information
. While these approaches significantly improve spatial modeling, their temporal modeling is typically
handled by simple temporal convolution (TCN) modules, which are limited in capturing long-range temporal
dependencies. This suggests that temporal modeling remains under-explored in GCN-based frameworks.

Recently, transformer-based methods have been introduced to capture long-range spatial-temporal depen-
dencies via self-attention. For example, LG-STFormer and SkateFormer (Do & Kim) [2024])
leverage attention mechanisms to model global joint interactions across both spatial and temporal dimensions,
and hybrid GCN-transformer architectures (Chen et al. [2025]) further combine local graph inductive bias
with global attention modeling. Hierarchical transformer-based models such as SkelFormer
also explore multi-level spatio-temporal representations. However, these methods primarily focus on global
dependency modeling through attention mechanisms, rather than improving temporal modeling within graph
convolutional frameworks. Therefore, improving temporal modeling within the GCN paradigm remains an
important and complementary research direction. In particular, designing more effective temporal modules
that can be seamlessly integrated into GCN-based architectures is still underexplored.

2.2 Path signature & Path Development

The path signature is a core object in rough path theory that represents a time series through its iterated
integrals, capturing both temporal order and interactions across feature dimensions . Its first
level records the path increment, while its second level encodes signed area terms; higher levels capture
progressively richer geometric structure and higher-order sequential interactions along the path. Taken over
all orders, the signature characterizes a path up to negligible time reparametrization, making it a faithful
feature representation for sequential data (Levin et al) [2013). This property has enabled a wide range of
applications in sequential data learning tasks, including handwritten recognition 2017)), writer
identification (Yang et al.,|2015), financial data analysis (Lyons et al., [2014)), time-series data generation
et al and SAR (Liao et all 2021} [Cheng et all 2023; [Yang et al., 2022} [Ahmad et all [2019; [Li et al.
2019a)). Moreover, the signature is invariant to time reparameterization, meaning that traversing the same
path at different speeds yields the same representation. This property is particularly desirable in action
recognition, where the speed of performing an action should not affect its classification. In the specific
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context of SAR,|[Ahmad et al.| (2019) focus on employing path signature solely for extracting spatial features
while [Yang et al. (2022)); [Li et al.| (2019a)) utilize path signature to obtain both temporal and spatial features.
However, relying solely on path signature to capture spatial relationships may be suboptimal, as it is not
data adaptive and only considers local spatial correlations. leverage GCN to extract spatial
features and employ the log signature to capture temporal dynamics. However, such approaches often suffer
from the curse of dimensionality, as the feature dimension of the truncated signature grows rapidly with the
path dimension, leading to overfitting in deep architectures.

More recently, the path development layer (Lou et all 2024a) is proposed as a general sequential layer on
time series data as a trainable alternative to the signature feature. Instead of computing a fixed set of
features, path development maps the input path into a Lie group via a differential equation driven by the
path. This results in a compact and learnable representation that retains key advantages of the signature,
including sensitivity to temporal ordering and invariance to time reparameterization, while significantly
reducing feature dimensionality. The development layer has demonstrated effectiveness in supervised learning
on sequential data (Lou et al) 2024al), online signature verification and synthetic time
generation (Lou et all 2024b). Path development originates from the (Cartan) development of a path
(Driver} [1995)), and plays an important role in understanding the properties of the path signature (Hambly]
& Lyons, 2010)). In particular, |Chevyrev & Lyons| (2016) prove that under an appropriate Lie group, path
development is a universal and characteristic feature of the path signature, which provides theoretical support
for the development layer. Building upon their work (Lou et all, [2024al), we extend the application of path
development from vector-valued time series to that of the temporal graph.

3 G-Dev Layer: Development layer of a temporal graph

In this section, we start with a concise overview of the development of the path as the principled feature
representation of d-dimensional time series. Subsequently, we proceed with introducing the path development
layer proposed in (Lou et al. [2024a). For details of the path development, we refer readers to (Lou et al.
2024a)). Building on this, we propose the G-Dev layer, a novel extension of the development layer applied to
temporal graphs, wherein the features of nodes are represented by time series.

3.1 The development of a Path

Before the formal definition, we first provide an intuitive explanation of path development. A time series
can be viewed as a path evolving over time, and the goal is to construct a representation that captures its
temporal dynamics, such as the order of events and how the signal changes, while being robust to variations
like speed or sampling rate. Path development achieves this by mapping the input path into a trajectory
on a Lie group. Informally, each local segment of the path is associated with a Lie group element, and the
path development is obtained by taking the matrix product of these Lie group elements in sequential order.
Since this product is order-sensitive, the resulting representation preserves information about the ordering
of path segments, thereby encoding the history of the sequence as a matrix-valued representation. The
path development is faithful in the sense that it preserves discriminative information about the shape of the
underlying path, making it expressive for distinguishing time series with different geometric and sequential
structures. Moreover, its invariance under time reparametrization means that the representation is unaffected
by changes in traversal speed, and is therefore robust to variations in sampling rate and temporal resolution.

Let X € V([0,T],R%), where V([0,T],R?) represents the space of continuous paths of finite length in R?
defined on the time interval [0, T]. To fix the notations, let G denote a finite-dimensional Lie group and its
associate Lie algebra g. Examples of the matrix Lie algebra associated with the special orthogonal group
(denoted by s0) and special Euclidean group (se) are given as follows:

gl(m;F) = {m x m matrices over F} (F =R or C);
so(m,R) := {A € gl(m;R) : AT + A =0};

se(m) :{[%’ g] | w € so(m,R), UER’”}.
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Definition 3.1 (Path Development) Let M : R? — g C gl(m) be a linear map. The path development
of X € V([0,T],R?) on G under M is the solution Zr € G to the below equation

dZy = Zy - M(dX:)  for allt € [0, T) with Zo = Idp, (1)
where Id,, is the identity matriz and - denotes the matrix multiplication.

Example 3.1 (Linear path) Let X € V([0,7],R%) be a linear path. For any linear map M € L(R,g),
the development of the path under M admits the explicit formula and is simply

Dy (X)or = exp (M(Xr — Xo)), (2)

where exp is the matriz exponential.

Thanks to the multiplicative property of the path development (Lemma 2.4 in (Lou et al.) 2024a)), the
development of two paths X € V([0,s],R?) and Y € V([s,t], R?) under M is the same as the development
of the concatenation of these two paths, in formula,

Das(X +Y) = Dag(X) - Dar(Y), (3)

where X %Y denotes the concatenation of X and Y and - is the matrix multiplication. Eq. equation
enables us to compute the development of any piecewise linear path explicitly.

The path development enjoys several desirable theoretical properties, making it a principled and efficient
representation of sequential data. We summarize the following two properties, that are directly relevant to
action recognition.

Invariance under Time-reparametrization

Similar to the path signature, path development is proven to be invariant under time reparametrization; See
Lemma 2.3 [Lou et al| (2024a))). This means that the development of a path is unchanged by the speed at
which the path is traversed. This invariance arises because the development is defined through integration
along the path, which accumulates increments in order but does not depend on how quickly the path is
traversed. As a result, only the sequence of values (i.e., the path itself), rather than its parameterization in
time, determines the final representation. It is well suited to action recognition, as the prediction of actions
should not depend on the speed of the actions or the frame rate. Time-reparametrization invariance of path
development may bring massive dimension reduction and enhance the robustness to variation in speed.

Uniqueness of the path development Intuitively, the path development effectively captures the order of
events in time series, leveraging the non-commutative nature of matrix multiplication. Changing the order
of events may lead to different development in general, highlighting its capacity to capture the temporal
dynamics of sequential data. It is proven in (Chevyrev & Lyons| 2016) the path development is a charac-
teristic and universal feature of an un-parameterized path in V; ([0, T],R%) under the appropriate Lie group.
In other words, transforming a path of finite length to its development map M +— Dev,/(X) can uniquely
determine the path X up to translation. Thus, the path development combined with the starting point
effectively summarizes the path without any loss of information.

3.2 Path Development Layer

Proposed in (Lou et al. [2024al), the path development layer is a novel neural network inspired by the path
development by exploiting the representation of the matrix Lie group. More specifically, this layer utilizes
the parameterized linear map M € L(R?, g) by its linear coefficients 6 € g?.

Definition 3.2 (Path development layer) The path development layer, denoted by Dy, is defined as a
mapping RN+ s G which transforms any input time series © = (z1,22,...,xN) to the development
2y € G under the trainable linear map My € L(R%,g). For n € {0,...,N — 1}, we set

Zn+4+1 = Zn eXP(Mb’(xn-&-l - xn))v 20 = Idma (4)

where § € g% is the model parameter.
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Eq. equation [ is a direct consequence of Example [3.1] and the multiplicative property of the development
(Eq. equation . Moreover, Eq. equation [4| shows the recurrence as an analogy to that of the RNNs, albeit
in a much simpler manner, as depicted in Figure [1] (lower panel). Similar to RNNs, the path development
can cope with time series input of variable length.

Dimension reduction The output of the path development has dimension m?, where m is the matrix
size. Note that its dimension does not depend on the path dimension d and time dimension T, resulting
in the massive dimension reduction. This is in stark contrast to the signature feature of degree k, whose

dimension (Zf:() di = dk(:; 1) grows geometrically w.r.t d. Moreover, the path development is well suited

to extract information from high-frequency time series or long time series without concern on the curse of
dimensionality.

Robustness to irregular sampling As the path development can be interpreted as a solution to the
differential equation (Eq. equation [I} it is a continuous time series model. Similar to other continuous time
models such as signature and Neural CDEs (Kidger et al.| 2020]), the path development exhibits robustness
in handling time series data with irregular sampling.

Computational Efficiency of analyzing online data Multiplicative property of the path development
allows incremental computation of the development layer in streaming data, thereby reducing both compu-
tational load and memory requirements.

3.3 G-Dev Layer: Apply path development layer to a temporal graph

In this subsection, we propose the G-Dev layer, which extracts the local information of the temporal graph
using the development layer in a rolling window fashion. As a sequence-based extension of the development
layer, it generalizes the mapping from d-dimensional time series to temporal graph data. Concretely, the G-
Dev layer operates over sliding windows along the time dimension, where the application of path development
on each local window is referred to as the G-Dev module.

Throughout this paper, the temporal graph &x = (V, &, X) refers to the graph with each node associated
with d-dimensional time series features X. Here V := {v!,---  vM} denotes the vertex set and £ can be
represented by the adjacent matrix A € RM*M  We consider the general case where the time dimension
of each node may vary across the nodes. More specifically, Let X" = (z,,---,2,,) € R?F denote the
features of the i*" vertex, where d and L; are the path and time dimension, respectively. The feature sets
X = (XM, ... X)) is obtained by stacking X for all 4 € {1,--- , M}. Clearly, the skeleton sequence is
an example of temporal graph data.

G-Dev module. Let us first define the G-Dev module, which is a trainable layer with model parameters
0ecg?c Rm2><d, where m is the matrix order of development. It maps a temporal graph &x = (V, &, X) to
a static graph with matrix-valued features &, = (V, €, Z) by applying the path development to the time-
augmented transformation of each feature vector X; of the vertex v;, as shown in Figure In formula, for
each vertex index i € {1,---, M}, the output feature is Z = (Z)M, where Z() = Dy(X¥) € G c R™*™,
Built on top of the G-Dev module, we employ a sliding window strategy to construct the following G-Dev
layer, which can summarize (potentially long) time series over coarse time partitions to reduce the time di-

mension effectively while retaining the fine-grained information by using the low-dimensional representation.

Without loss of generality, let us focus on the case where the graph features X share the same time stamps
(t:) o across vertice Fix the window (kernel) size K and stride S. Let L' = [LZ%]. By applying padding
to Y, for any Y € RN we define a sequence of time series Y;:

Y = (Yjxs, - Yixsix-1) € RZF vje {0, L' —1}. (5)

Definition 3.3 (G-Dev layer) A G-Dev layer with the matriz degree m, window size K and stride S is
defined as a trainable map that takes a temporal graph Gx = (V,E,X) with X € RMXL'*d 45 an input and

20therwise, we apply linear interpolation for data imputation, which would not affect the development feature thanks to
invariance to time re-parameterization.
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Figure 2: (a) The pipeline of our proposed approach consists of N blocks, with each block containing a GCN
module and a DevLSTM module. (b) The detail of the DevLSTM module.

outputs a temporal graph Gz = (V,&,Z) with model parameter § € R¥*™mX™  Here 7 = (Z])]L;1 is a time
series consisting of zj € RM>mxm - Bach, zj = G-Dewvg (X'j), where X'j is obtained by applying sliding window
by Eqn. [3

The G-Dev layer (Definition can be easily extended to the moving window with the dilation parameter
D, where we collect the path information at every D time steps during each moving window. To guarantee
no information loss of the G-Dev layer, it is crucial to choose S and K to ensure a minimum one-point
overlap between two consecutive moving windows.

4 GCN-DevLSTM Network for SAR

A skeleton sequence can be modeled by a temporal graph, where the vertex set corresponds to M possible
joints, with each v € R? or R? indicating 2 or 3D coordinates of the i*" joint, respectively. The edge set £
denotes the set of all the joint pairs connected by a bone.

In Figure (a), we introduce the proposed GCN-DevLSTM Network, a novel framework for SAR tasks
that integrates the GCN and DevLSTM modules into a single block. The GCN module is designed to detect
spatial correlations among vertices, while the DevLSTM module handles the temporal dynamics across video
frames. Further details on these modules are discussed in Sections [f.1] and [£.2] respectively. Our network is
designed to capture discriminative spatial-temporal features with N such blocks, where N = 9 in this paper.
Additionally, within each block, we build a residual path that establishes a shortcut connection with the
input to mitigate gradient vanishing/ explosion issues, enhancing the training stability.

Following these GCN-DevLSTM blocks, we employ global average pooling to effectively reduce both temporal
and spatial dimensions to 1. After that, a linear function is applied to adjust the feature dimension to match
the number of action classes, thereby facilitating the classification process. Cross-entropy loss is employed
at the end to compare the predicted action class with the ground truth.

4.1 GCN Module

In the GCN module, we basically follow the network of CTR-GC (Chen et al., 2021). However, we depart
from the use of three initial adjacency matrices representing self, inward, and outward correlations. Instead,
we propose a Hops-CTRGC to enhance the model by incorporating various hops of information to construct
three adjacency matrices denoted as Ag, Ay, and As.

Ap remains an identical (self) matrix. For A;, the elements a;; are set to 1 if vertex i and vertex j are physically
connected in the skeleton graph; otherwise, a;; in A; is set to 0. A; captures the direct connections in the
graph. To enrich spatial information, we introduce A = A2, enabling a vertex to connect with its neighbor’s
neighbor. A, allows us to extend our understanding beyond direct connections to include relationships
involving two hops in the graph. Since GCN module is not our main focus in this paper, readers can find
more details about the network of CTR-GC in (Chen et al., [2021)) or in our appendix ?7.
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4.2 DevLSTM Module

The proposed DevLLSTM module, illustrated in Figure (b) is mainly composed of the CNN-based branch and
the G-development-based branch. The output of DevLSTM module is given by applying GeLU activation
function to the summation of the output of both branches.

G-Development branch. Inspired by multi-scale TCN (Liu et al., [2020), we also design a multi-scale
network to capture temporal dynamics. We utilize two G-dev layers with the dilation parameter D = 1 and
D = 2 to enhance its ability to capture temporal patterns across different scales in the input sequence.

The path development combined with the starting point can determine the path uniquely. Hence, we append
the starting point location to the output of the path development layer along the feature dimension over each
sub-time interval. The resulting features are then fed into an LSTM network to aggregate local development
summaries and capture long-term dependencies in time series data. We use the sequential output of LSTM,
preserving the same time dimension as the input.

CNN-based branch. MaxPool and a convolutional layer with 5 x 1 kernel size have consistently demon-
strated superior performance within the temporal module of other GCN-based studies. Introducing both
MaxPool and the 5 x 1 convolutional operation to our DevLSTM temporal module has the potential to
enhance model performance even further. We can reasonably design kernel size, padding, stride and dilation
to ensure the output size of Maxpool, LSTM and 5 x 1 convolution remain the same.

5 Numerical Experiments

To validate the effectiveness of the proposed approach, we carry out numerical experiments on the following
popular benchmarking datasets for skeleton-based action and gesture recognition. These datasets are chosen
for their diversity in data size and task complexity, providing a comprehensive evaluation of the model’s
performance. (1) Chalearn2013 (Escalera et al|2013]) is a public dataset for gesture recognition, consisting
of 11,116 skeleton examples and 20 gesture categories, filmed by 27 people. Each frame has 20 joints. (2)
NTU RGB+D 60 (NTU-60) (Shahroudy et al., 2016) consists of 56,880 action samples and 60 action
classes, filmed by 40 people using three Kinect cameras in different camera views. 3D skeletal data in the
dataset have different sequence lengths, with each owning 25 joints. (3) NTU RGB+D 120 (NTU-120) (Liu
et al., 2019)) extends upon NTU RGB+D 60, consisting of 114,480 samples and 120 action classes, filmed
by 106 people in three camera views. We consider the Cross-subject (X-Sub) and Cross-view (X-View)
evaluation benchmarks for both NTU-60 and NTU-120 as proposed by Shahroudy et al. (2016). We use
only skeleton data from these datasets for our experiments.

Experiments are conducted using a single Nvidia A6000 graphics card, where a batch of 16 examples is
fed to the network. Stochastic gradient descent optimiser (Bottoul |2012) is employed, with a Nesterov
momentum = 0.9 and a weight decay = 0.0003. The training epoch is set to 65 and we apply the warm-up
strategy (He et al., 2016)) to the first 5 epochs. The initial learning rate is 0.02 and a step learning rate
decay is applied with a factor of 0.1 at epoch 35 and 55, respectively. Data processing on NTU datasets
mainly follows the procedure in (Chen et al., [2021), with the length of all input data sequences resizing to
64. We use se Lie algebra in this paper, with a corresponding matrix size of m = 10. A detailed network
architecture can be found in the supplementary. The replicate padding is used in our experiments.

5.1 Fusion results from different data streams

Most of the recent approaches that we are set to compare combine predicted scores from different input data
streams for enhanced performance. The most commonly used data streams are joint (J), bone (B), joint
motion (JM) and bone motion (BM) where details can be found in (Shi et al. |2019; [2020). Apart from
the above-mentioned data streams, we introduce a novel stream: the line graph. In a line graph, vertices
represent bones, and edges establish connections between these bones (Harary & Norman, [1960). More
details about line graph can be found at Appendix ?7.



Under review as submission to TMLR

5.2 Comparison with state-of-the-art methods

Table 1: Results on Chalearn2013 dataset.

Acc (%)
Two-streamLLSTM (Wang & Wang, 2017 91.70
ST-LSTM + Trust Gate (Liu et all 2018 92.00
Multi-path CNN (Liao et al}, 2019) 93.13
3s_net_TTM (Li et al., [2019a)) 92.08
GCN-Logsig-RNN (Liao et al., 2021) 92.86
ST-PSM+L-PSM (Cheng et al., [2023) 94.18
AGGP (Shi et al) 2024) 95.18
Our method 95.61

Table [T shows the comparison results between our result and other state-of-the-art methods on Chalearn2013
dataset. We only employ the joint stream for fair comparison as other approaches only use the joint rep-
resentation on Chalearn2013 dataset. It is evident that our model yields the best result on the small-scale
gesture dataset, surpassing the second-best method by 0.42%, proving its effectiveness on the small dataset.

Table 2: Experimental results on NTU-60 and NTU-120 dataset. The best results for each benchmark are
bolded.

NTU-60 NTU-120
X-sub (%) X-view (%) | X-sub (%) X-view (%)

ST-GCN (Yan et al.|[2018} 81.5 88.3 70.7 73.2

AGC-LSTM (Si et al.| 89.2 95.0 - -
2S-AGCN (Shi et al. ) 88.5 95.1 82.5 84.2
Shift-GCN  (Cheng et al.[[2020b) 90.7 96.5 85.9 87.6
Logsig-RNN (Liao et al.| 2021 - - 75.8 78.0
CTR-GCN(J) (Chen et al.|[2021) 89.8 94.8 84.9 86.7
CTR-GCN(J+B) (Chen et al.|[2021) 92.0 96.3 88.7 90.1
CTR-GCN (Chen et al.| 2021) 92.4 96.8 88.9 90.6
Efficient GCN (Song et al.[[2022) 92.1 96.1 88.7 88.9
Ta-CNN (Xu et al.| [2022) 90.4 94.8 85.4 86.8
FR-Head (Zhou et al.[[2023) 92.8 96.8 89.5 90.9
SPIANet (Yin et al.|[2024) 92.8 96.8 89.2 90.4
BlockGCN(J) {[Zhou et al.| [2024) 90.9 95.4 86.9 88.2
BlockGCN (Zhou et al.||2024 93.1 97.0 90.3 91.5
FD-GCN @;‘m{%&ﬂ_w 92.8 96.7 89.4 90.7

Joint | Bone | Line Joint motion | Bone motion

v 90.8 95.7 86.2 ]7.7
v 91.1 95.2 87.0 88.6
Our methods v 91.2 95.3 87.1 88.7
v v 92.4 96.4 89.0 90.4
v v v v 92.6 96.6 89.3 90.7
v v v v v 92.9 96.7 89.7 91.2

We compare our approach with other state-of-the-art methods on both NTU-60 and NTU-120 datasets, as
shown in Table[2} Since our GCN module is following CTR-GCN ((Chen et al/,[2021)) with the major difference
lying in the temporal module, we show more results on CTR-GCN for a more comprehensive comparison. As
shown in Table all of our configurations, whether using only the joint stream or multi-stream fusion (e.g.,
joint and bone), consistently outperform CTR-GCN across all benchmarks. Our method’s relatively limited
performance gain from additional motion streams, compared to CTR-GCN, may stem from the path devel-
opment layer focusing on position differences between consecutive time steps. As a result, motion streams
provide overlapping information at early stages of the network, limiting their contribution. Compared to
more recent methods such as BlockGCN (Zhou et al. [2024)), which achieves stronger performance when
using multi-stream inputs, our method attains comparable results under the joint-stream setting on NTU-60
and remains competitive on the more challenging NTU-120 benchmark.
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Figure 3: Robustness analysis on NTU60 X-sub benchmark. Figure shows the results of randomly
dropping or inserting a certain frames to original time series. Figure|[3bland [3c/shows the results of randomly
dropping a number of joints in each frame with zero-filling and linear interpolation respectively.

Overall, our model, integrating multiple data streams, achieves competitive performance across benchmarks
while maintaining a consistent network structure across datasets, demonstrating strong adaptability to differ-
ent dataset sizes. Moreover, it is worth noting that methods such as BlockGCN primarily focus on improving
spatial modeling, whereas our work targets temporal modeling, making the two approaches complementary.

5.3 Comparison with signature-based models

Since path development layer can be seen as a data-adaptive alternative to the signature, we further compare
our method with other signature-based models in SAR task. Compared to the Logsig-RNN (Liao et al.
2021), one of the recent signature-based action recognition methods (using the joint stream only), our
model (J) outperforms 10.4% and 9.7% respectively on both benchmarks of NTU-120 dataset, and 2.75% on
Chalearn2013 dataset. Compared to the latest signature-based action recognition approach (Cheng et al.,
2023), we still outperform 1.43% on Chalearn2013 dataset while unfortunately, they didn’t report their
results on NTU dataset, leaving no way to compare. These results support the advantages of using path
development that we claimed before, compared with path signature.

5.4 Robustness analysis

We comprehensively compare the robustness of our full model (GCN-DevLSTM), CTRGCN (Chen et al.l
2021) and our model without path development layer (GCN-LSTM) in terms of missing frames, missing
joints and variable sequence length. To this end, we firstly create a new test dataset by randomly dropping
or inserting a certain number of frames out of 64 frames to test the robustness of missing frames and variable
length. Figure illustrates that our full model with the path development layer consistently outperforms
the other methods in terms of accuracy, regardless of the proportion of frames missing or inserting, proving
its robustness to irregular sampling and variable sequence length. Notably, at a 47% frame-drop rate, the
accuracy of our full model decreases by only 6.07%, while CTR-GCN drops by 18.18% and GCN-LSTM by
16.56%. A similar trend is observed when frames are inserted.

Additionally, to validate the robustness of missing joints due to occlusions in real life, we create another
dataset by randomly dropping a certain number of joints in each frame. To fill in these missing joints,
two techniques are adopted: zero-filling (in Figure and linear interpolation (in Figure [3c|). Both figures
show that our model with G-Dev layer, is consistently more robust against missing joints than others. More
details are in the supplementary material. We credit the superior robustness of our full model to the theory
foundation provided by the path development layer, mentioned in

5.5 Comparison with MS-TCN
To demonstrate the flexible integration of our DevLSTM temporal module with various GCN modules in

a plug-and-play fashion, we employ the adaptive graph convolution (AGC) graph in 25-AGCN (Shi et al.
2019) and a fixed graph without learnable parameters, respectively as an additional GCN module backbone
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in our network. In addition, we compare our DevLSTM with multi-scale temporal convolution network
(MS-TCN) (Chen et al), [2021)), commonly used as the temporal module in other recent works across the
different GCN backbones. Table [3]illustrates that the proposed DevLSTM module consistently outperforms
MS-TCN with different GCN backbones by a large margin, indicating that our designed temporal module
is effective in enhancing temporal modeling across various GCN backbones. An overview of adaptive graph
convolution and fixed graph can be found in the supplementary material.

Table 3: Comparison between DevLSTM and MS-TCN across various GCN modules on the NTUG60 dataset.

GCN Module | Temporal module | X-sub (%) X-view (%)
MS-TCN (J) 90.3 94.9
CTR-GC DevLSTM (J) 90.8 95.7
o MS-TCN (J) 89.8 945
DevLSTM (J) 90.6 95.6
) MS-TCN (J) 8.7 93.1
Fixed graph | p 1 g () 89.5 94.5

5.6 Ablation studies

Table 4: Ablation studies of DevLSTM module on NTU-60 dataset. w/o means without.

Components X-sub (%) X-view (%)
with all components (J) 90.8 95.7
w/o residual path (J) 89.9 95.2
w/o 1x 1 conv & 5x1 conv (J) 90.7 95.3
w/o 1x 1 conv & 3x 1 maxpool (J) 90.6 95.4
w/o G-Dev (J) 90.5 95.2

We further investigate the importance of residual path design to connect the input and output of each block
and each component in our temporal module. As evident from Table [d] residual path plays an important
role to enhance the model performance since it can help alleviate gradient vanishing/explosion in the deep
neural network. For temporal components in our DevLLSTM module, the path development layer emerges
as the primary contributor to the overall performance improvement since removing it causes the largest
performance degradation, with other components also contributing to enhanced performance. Importantly,
the improvement brought by the G-Dev layer is consistent across both X-sub (+0.3%) and X-view (4+0.5%)
settings, suggesting that it provides a stable and reliable enhancement rather than a dataset-specific gain.

As further demonstrated in the robustness analysis (Section7 the advantage of the G-Dev layer becomes
significantly more pronounced under challenging conditions such as missing frames, missing joints, and
variable sequence lengths. This indicates that the primary contribution of the G-Dev layer lies in improving
robustness and temporal consistency, rather than only optimizing standard benchmark accuracy.

Table [5] further shows that the G-Dev layer consistently improves performance across different numbers of
blocks, with more pronounced gains in smaller models (e.g., a 3.3% improvement with a single block). As
model capacity increases and performance approaches saturation, the marginal gains naturally diminish.
Nevertheless, the improvement remains consistent across all configurations.

Table 5: Effect of the G-Dev layer across different numbers of blocks on the NTU-60 X-view dataset. Each
block consists of one GCN module followed by one DevLSTM module. All values are reported in %.

Number of blocks 1 2 3 4 5 6 7 8 9

With G-Dev layer | 89.1 92.7 93.7 942 950 951 954 955 95.7
w/o G-Dev layer 85.8 90.8 923 935 942 944 947 949 952
Performance drop | 3.3 1.9 1.4 0.7 0.8 0.7 0.7 0.6 0.5
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5.7 Model complexity analysis

Table [6] demonstrates the trade-off between accuracy and model complexity for compact GCN-DevLSTM
networks with different numbers of blocks. Increasing the number of blocks from 1 to 9 improves the accuracy
from 89.1% to 95.7%, while increasing the number of parameters from 0.13M to 4.61M. However, even with
fewer blocks, our results are competitive with much less model parameters in comparison with other stoa
methods. As illustrated in Table[6] adding more blocks to our networks can further improve accuracy, albeit
with increased parameter number and computational complexity. It is worthy noting that our model with 5
blocks only has 68% of model parameters of the strong baseline CTRGCN, reducing 0.49 million parameters
(from 1.46M to 0.98M) while slightly outperforming it. Besides, our model with a single block surpasses ST-
GCN, despite the differences in preprocessing or training strategies between ST-GCN and our method. The
slower inference speed compared to CTR-GCN and 2s-AGCN mainly stems from the sequential nature of
LSTM and the current implementation of the G-Dev layer. Specifically, LSTM limits temporal parallelization
due to recurrent hidden-state updates, while the G-Dev layer requires matrix exponential computations
that currently lack optimized CUDA kernel support in common deep learning frameworks. Therefore, the
additional runtime overhead is largely implementation-related rather than an intrinsic limitation of path
development, and may decrease as GPU support for Lie group operations improves.

Table 6: Model complexity analysis. Compare the model parameters between our approach with the corre-
sponding accuracy on NTU-60 X-view dataset using joint stream only.

ST-GCN QYan et al.”ZOlS' 2s-AGCN qShi et al.”2019] CTRGCN then et al.”20211 Ours
Blocks - - - 9 8 7 6 5 4 3 2 1
Params (M) 1.22 1.55 1.46 4.61 | 3.29 | 1.78 | 1.38 | 0.98 | 0.53 | 0.40 | 0.26 | 0.13
Acc (%) 88.3 94.0 94.8 95.7 | 95.5 | 954 | 95.1 | 95.0 | 94.2 | 93.7 | 92.7 | 89.1
Inference (ms/sample) - 1.7 1.7 11.2 | 10.2 | 8.9 8.3 7.1 54 | 4.1 2.8 1.4

5.8 Lie Group & Hidden Size Selection

Table 7: Evaluation of accuracy (%) across different hidden sizes in special Euclidean (SE) and special
orthogonal (SO) Lie group on NTU60-Xview benchmark with the joint stream.

8 9 10 11 12

SE | 95.6 954 95.7 955 955
SO | 95.5 955 954 95.6 954

Given that path development is key to our methodology, the choice of a suitable Lie Group, along with its
corresponding hidden size, influences the ultimate performance of the model. Table [7] presents results for
two commonly used Lie groups with varying hidden sizes. The results indicate that a larger hidden size
does not necessarily ensure an enhancement in the model and the best result is obtained by utilizing the
special Euclidean group with a hidden size of 10. These important hyperparameters should be tuned based
on numerical results in practice.

6 Conclusion and future work

In summary, we propose a novel and generic GCN-DevLSTM network for analyzing temporal graph data
via the path development layer. This approach not only offers flexibility when combined with various GCN
modules but also significantly enhances performance by effectively capturing the temporal dependencies
within data. The effectiveness of the proposed method is validated by the competitive results on three
datasets in SAR. Moreover, it demonstrates strong robustness to missing data and variable frame rates.

The current G-Dev layer relies on other GCNs to extract spatial information, which limits its standalone
utility. Future enhancements could include integrating the features of adjacent nodes directly into the input
of the path development layer to better capture spatio-temporal dependencies.

Our proposed G-Dev layer provides a generic model for temporal graph data, opening up possibilities for its
applications across various fields, including urban planning, social network analysis and others.
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