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Abstract

Video action recognition faces persistent challenges in balancing accuracy with compu-
tational efficiency. While state space models, such as Mamba, have emerged with linear
complexity advantages, they exhibit inefficiency in capturing critical spatiotemporal depen-
dencies within video data. To address this core limitation, this paper proposes ETMamba,
an enhanced architecture built upon the Mamba baseline. The ETMamba achieve perfor-
mance breakthroughs via three core innovation modules: (1) the Spatiotemporal Feature
Preservation module retains complete original spatiotemporal correlations before data
flattening, solving the problem of spatiotemporal feature loss; (2) the Efficient Bidirec-
tional Sharing strategy accurately models bidirectional temporal dependencies, enhancing
key temporal dynamic information; and (3) the Spatiotemporal Collaborative Modulation
mechanism combines global temporal and local spatial information to achieve collaborative
capture of long-short term dependencies and fine-grained features. We conduct experi-
ments on multiple benchmark datasets, achieving recognition accuracies of 88.3%, 74.6%,
75.7%, and 98.1% on Kinetics-400, Something-Something V2, HMDB-51, and Breakfast
datasets, respectively, while maintaining low to medium computational complexity.

Keywords: video action recognition; state space models; Mamba; spatiotemporal feature
fusion; multi-scale feature enhancement

1. Introduction
Video behavior recognition is a fundamental research topic in computer vision, which

is based on the effective modeling of spatiotemporal dynamic features in video sequences.
The visual content of the same moment in the video is affected by the temporal correlation
between the preceding and following frames, while the action subject within a single
frame is tightly coupled with the local spatial region. Therefore, the key challenge in video
behavior recognition is how to efficiently model long-range dependencies while accurately
capturing fine-grained local spatial information. For decades, research in video behavior
recognition has primarily focused on two core architectures: convolutional neural networks
(CNNs) and Transformers. However, both approaches face inherent limitations in balancing
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accuracy and efficiency. As shown in Figure 1, we compared the effective receptive field
(ERF) [1] distributions across different architectures.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 1. Visualizations of ERF for different architectures and the proposed ETMamba. The more
widely the dark area is distributed, the larger the effective receptive field is. (a,e,i) Original image.
(b,f,j) CNNs based. (c,g,k) Transformer based. (d,h,l) ETMamba(Ours).

CNN-based methods, by leveraging parallel convolution operations, can reduce local
spatiotemporal redundancy to some extent. However, constrained by the receptive field of
convolution kernels, their ERF are highly concentrated in central regions, making it difficult
to model long-distance behavioral logic across multiple frames. The Transformer-based
approach achieves global ERF through self-attention mechanisms, effectively modeling
long-range dependencies. However, its computational complexity increases quadratically
with video sequence length due to the growing number of visual tokens, resulting in higher
inference and training costs. To address these challenges, state space models (SSMs), with
Mamba [2] as a prime example, provide an ideal solution. Mamba demonstrates linear
scalability in sequence length, and its selective scanning operation (S6) significantly reduces
training and inference costs while avoiding the computational complexity drawbacks of
Transformers. Meanwhile, its robust representation capability efficiently captures the global
dependencies in video data, effectively addressing the limitation of CNNs in identifying
such relationships. Mamba has demonstrated promising performance in tasks such as

https://doi.org/10.3390/electronics15061338

https://doi.org/10.3390/electronics15061338


Electronics 2026, 15, 1338 3 of 19

image recognition and object detection, providing a viable technical approach for efficient
video behavior recognition. In this context, studies like VideoMamba [3] have prelim-
inarily validated Mamba’s effectiveness in video tasks. However, as it lacks dedicated
design for video spatiotemporal features, its spatiotemporal modeling capability still has
significant room for improvement, resulting in a precision gap compared to advanced
Transformer models.

This study systematically evaluates the feature modeling capabilities of CNNs, Trans-
formers, and Mamba architectures in video behavior recognition. The analysis reveals
two critical limitations of the traditional Mamba architecture when processing video data:
First, it tends to disrupt the original spatiotemporal structure and cause information loss
during dimensionality transformation and sequence flattening. Second, it struggles to
effectively model global temporal dependencies and local spatial features in a coordinated
manner, resulting in an inability to achieve optimal balance between accuracy and efficiency.
To address these challenges, this study introduces structural enhancements to VideoMamba,
resulting in the innovative ETMamba model. Building upon the linear-complexity Mamba
architecture, ETMamba employs multi-module collaborative design to expand effective re-
ceptive fields, thereby achieving more robust spatiotemporal feature modeling. Specifically,
we first enhance the spatiotemporal structure preservation before sequence flattening to re-
duce the loss of adjacent information. The dual-branch architecture is adopted to realize the
joint modeling of global temporal and local spatial features through bidirectional temporal
branching and multi-scale spatial enhancement branching, which achieves the collaborative
capture of directional features and fine-grained features. The main contributions of this
paper are as follows:

(1) Spatiotemporal Feature Preservation (STFP) module: We propose a module that
preserves spatiotemporal correlations before feature flattening. It combines depthwise
separable convolutions and gated fusion to retain spatial and temporal dependencies,
alleviating information loss in Mamba-based video models and supplying better features
for spatiotemporal modeling.

(2) Efficient Bidirectional Sharing (EBS) Strategy: We propose a bidirectional temporal
modeling mechanism for Mamba. By sharing core SSM parameters and separating forward
and backward branches, it accurately models video bidirectional temporal dependencies. A
directional bias mechanism is adopted to enhance critical temporal information, overcoming
the unidirectional limitation of Mamba.

(3) The Spatiotemporal Collaborative Modulation (STCM) mechanism: We propose a
dual-branch architecture that embeds multi-scale dilated convolutions into EBS, unifying
global temporal modeling and local spatial feature extraction. This mechanism achieves the
synergistic optimization of long- and short-range dependencies with fine-grained features,
a capability not achieved by existing Mamba-based video recognition methods.

(4) Outstanding performance: Extensive experiments on four benchmark datasets
(Kinetics-400 [4], Something-Something V2 [5], HMDB-51 [6], and Breakfast [7]) show that
our method achieves an excellent balance between recognition accuracy and computational
complexity, with Top-1 accuracies of 88.3%, 74.6%, 75.7%, and 98.1%, respectively. The
results provide novel technical insights and practical references for the field of video
action recognition.

2. Related Work
2.1. Traditional Action Recognition Methods

Traditional video action recognition methods mainly revolve around two architectures:
CNNs and Transformers. Their core goal is to capture spatiotemporal dependencies in
videos, but both methods face insurmountable bottlenecks due to their inherent charac-
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teristics. Methods based on CNNs have become the mainstream solution for early video
action recognition by virtue of their local inductive bias. These methods adapt to the
spatiotemporal characteristics of video data by extending the dimensions and structures of
convolution operations. For example, TSM [8] introduces 2D CNNs on the time channel to
achieve the efficient exchange of inter-frame information. AFNet [9] dynamically selects
salient frames using 2D CNNs to reduce redundant computations. SlowFast [10] constructs
a dual-branch path focusing on temporal feature extraction and spatial feature extraction
respectively. CSTANet [11] further explores the fusion correlations between temporal and
spatial features within convolution channels on the basis of the dual-branch framework.
ST-MFO [12] optimizes feature expression by suppressing background noise interference in
the spatiotemporal branch framework. However, the receptive field of CNNs is limited by
the size of convolution kernels, making it difficult to effectively model the behavioral logical
correlations across multiple frames in video sequences, which becomes a core bottleneck
for performance improvement. In contrast, Transformer-based methods break through
the limitation of convolution receptive fields through self-attention mechanisms, realizing
direct modeling of global dependencies. For example, TimeSformer [13] and VidTr [14] pro-
pose separable attention mechanisms by splitting spatiotemporal self-attention to complete
video classification while ensuring modeling capability. Swin Transformer [15] restricts
self-attention computation within local windows, enhancing local feature capture while
reducing overhead. MViTv2 [16] adopts a design strategy of increasing channel dimensions
and synchronously reducing spatial resolution to achieve optimization of computational
costs. FSformer [17] learns short-term behavioral differences by constructing a dual-branch
architecture. UniFormer [18] innovatively introduces 3D CNNs to fuse the advantages of
CNNs and Transformers, and its subsequent improved version UniFormerV2 [19] further
combines Multi-Head Relation Aggregator (MHRA) to enhance feature correlation mod-
eling capability. Such methods can effectively capture the long-term motion trajectories
of objects and cross-frame interactions in videos, but they need to compute the similarity
between all tokens, leading to a quadratic increase in computational complexity, resulting
in high computational overhead and memory consumption for the model during training
and inference phases.

2.2. Mamba-Based Methods

The bottlenecks exposed by traditional CNNs and Transformer methods in long-
sequence processing have promoted the research and development of models with low
complexity and high representation capability. SSMs have become an important technical
breakthrough direction in the field of video action recognition due to their linear com-
putational complexity and efficient long-range dependency modeling capability. Based
on dynamic system theory, SSMs model sequence data through state transition equa-
tions, which can accurately capture dependencies in long sequences under the premise
of strictly controlling computational and memory overhead, providing a new technical
path for solving the core pain points of traditional methods. As a representative model
of SSMs, Mamba significantly improves computational efficiency by introducing gating
multi-layer perceptrons and Selective Scan technology (S6) into the architecture. Inspired
by this, researchers have begun to focus on the Mamba architecture. VideoMamba first
applied Mamba to the video field, verifying its feasibility in action recognition. Sub-
sequently, VideoMambaPro [20] proposed mask reverse computation and element-wise
residual connection strategies. StableMamba [21] solved the scalability problem of SSMs
through a Mamba-Attention interleaved architecture. VideoMAP [22] adopted a 4:1 ratio
Mamba-Transformer hybrid framework and combined frame-wise masked autoregressive
pre-training strategy to improve sample efficiency. MambaVL [23] optimized data pro-
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cessing performance by sharing state transition matrices through a selective state space
modal fusion mechanism. Mamba-ND [24] designed row-major orderings to alternately
process input data of different dimensions. Although existing Mamba-based methods
have achieved remarkable progress in video understanding, there remains a considerable
accuracy gap compared with state-of-the-art Transformer models, leaving ample room for
further optimization. We argue that the core bottleneck lies in Mamba’s insufficient capa-
bility for spatiotemporal relationship modeling. Unlike Transformer, which is equipped
with a self-attention mechanism featuring inherent global correlation capability, Mamba
was originally designed for 1D sequence modeling. When applied to video processing
tasks, it mandatorily requires flattening high-dimensional spatiotemporal input into 1D
sequences to complete core computation. Its core serpentine sequential scanning strategy
can only capture the correlation between consecutive tokens in the flattened 1D sequence.
The dual operations of input flattening and fixed sequential scanning inevitably destroy
the native spatiotemporal structure of video data, resulting in irreversible information loss,
a limitation that has been widely validated and discussed in recent studies [25,26]. To
address these challenges, this paper proposes the ETMamba model based on VideoMamba,
with targeted optimization of the Mamba architecture through three core modules: the
Spatiotemporal Feature Preservation (STFP) module, the Efficient Bidirectional Sharing
(EBS) strategy, and the Spatiotemporal Collaborative Modulation (STCM) mechanism. The
proposed model aims to achieve a favorable balance between low computational overhead
and high recognition accuracy, and effectively resolve the core pain points of existing
Mamba-based video understanding methods.

3. Method
3.1. Overall Architecture

ETMamba is a basic Mamba-style model, but it is elaborately designed to retain the
spatiotemporal information correlations of video data and capture complex global temporal
features and local spatial features. Specifically, the model constructs the overall frame-
work through three key modules: Spatiotemporal Feature Preservation (STFP), Efficient
Bidirectional Sharing (EBS), and Spatiotemporal Collaborative Modulation (STCM). The
core design concept of this framework is to optimize the extraction and modeling effect of
video spatiotemporal features through the collaborative work of each module. The network
structure of ETMamba is shown in Figure 2.

For simplicity, we take a video sequence with T frames as an example. Video data
is first input into the Spatiotemporal Feature Preservation (STFP) module, which extracts
and fuses original spatiotemporal features through depthwise separable convolution and
a gating mechanism, retaining the spatial position and temporal correlation information
of high-dimensional data. Then, a 3D convolution of size 1 × 16 × 16 is used to project
the input video sequence X ∈ RT×H×W×C into L non-overlapping spatiotemporal patches
Xp ∈ RL×C for subsequent position encoding and category encoding. Among them,
H and W represent the height and width of the input video frames respectively, C is
the number of channels, T is the number of frames of the input video sequence, and
L = t × h × w(t = T, h = H/16, w = H/16). The encoding process of input sequence X
can be expressed as

X = [Xcls, X] + ps + pt, (1)

where Xcls is a learnable classification token concatenated at the beginning of the sequence.
Since state space model modeling is sensitive to token positions, we follow the design
idea of VideoMamba and add a learnable spatial position embedding ps ∈ R(h×w+1)×C

and an additional temporal position embedding pt ∈ Rt×C to retain spatiotemporal
position information.
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Figure 2. The overall architecture of ETMamba. Here, ’*’ denotes the [CLS] token.

Subsequently, the encoded sequence is fed into the Spatiotemporal Collaborative
Modulation (STCM) Mamba Block stacked in L layers. Each STCM consists of two core
components: one is the global temporal modeling module based on the Efficient Bidirec-
tional Sharing (EBS) strategy, which splits the input into forward and backward branches
and shares SSMs parameters to accurately model bidirectional temporal dependencies;
the other is the local spatial modeling module based on multi-scale dilated convolution,
which captures local spatial details at different fine-grained levels. Finally, the integrated
high-dimensional features are fed into a classification head to determine the final action
category, thereby achieving precise recognition of action behaviors in videos.

3.2. Spatiotemporal Feature Preservation (STFP)

Mamba was originally designed for natural language processing tasks and has inherent
limitations when applied to human action recognition tasks based on video data: videos are
three-dimensional data that need to be flattened to adapt to the model, which will inevitably
lose spatial information during the dimensionality reduction process. Although position
encoding can partially restore the spatial relationships between blocks during context
modeling, the restored information is sparse and difficult to capture accurately, leading to
the loss of the model’s original spatial features and insufficient attention to the boundary
areas of blocks. To address this problem, we propose to perform feature extraction before
block division, specifically using depthwise separable convolution (DWConv) and a gating
mechanism to achieve this task. To completely retain the original information, we combine
the original features with deep features through a parameter-free gating strategy and
further strengthen the fusion effect of the two through convolution. The network structure
of STFP is shown in Figure 3.
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Figure 3. The Spatiotemporal Feature Preservation (STFP) module.

Specifically, the network of STFP includes two branch structures. For the input se-
quence X, the upper branch S1 consists of two 3 × 3 × 3 depthwise separable convolutions,
each followed by normalization and ReLU activation function. The purpose of this structure
is to capture local spatial context and neighborhood information through multiple convolu-
tion operations, which is consistent with our basic goal of extracting spatial information.
The lower branch S2 first performs a linear transformation on the channel dimension of
the input data through a 1 × 1 × 1 pointwise convolution while retaining the spatial infor-
mation of the original data. In this way, the original input can be directly transmitted to
subsequent network layers. Then, it is added pixel-wise with the output result of branch
S1, and features are fused through a 3 × 3 × 3 depthwise separable convolution to achieve
deeper feature integration. Finally, the output of branch S2 is residual connected with
the original input features, which can not only retain the direct block information of the
original input but also combine it with the complex spatiotemporal block features extracted
by the branches. STFP can be expressed as follows.

S1 = ReLU
(
LN

(
DW3(ReLU

(
LN

(
DW3(X)

)))))
, (2)

S2 = ReLU
(
LN

(
DW3

(
S1 + ReLU

(
LN

(
PW(X)

)))))
, (3)

STFP = S2 + X, (4)

where S1 and S2 represent the two branches of STFP. DW3(·) denotes a 3 × 3 × 3 depth-
wise separable convolution. LN(·) denotes layer normalization. ReLU(·) is an activation
function. PW(·) denotes pointwise convolution.

3.3. Efficient Bidirectional Sharing (EBS)

For the input sequence X, Efficient Bidirectional Sharing (EBS) uses different linear
layers to separate forward features and backward features, which are then processed by
SSMs modules with shared parameters. Subsequently, these two features are processed
by two independent gating layers respectively, and finally concatenated into the output
sequence. EBS suppresses specific dynamic features by introducing directional bias. The
network structure of EBS is shown in Figure 4.

Specifically, EBS first normalizes the input sequence X, then linearly projects it into
Fx, Fz, Bx, and Bz of the same dimension. Among them, Fx and Fz are used for the forward
propagation branch, and Bx and Bz are used for the backward propagation branch. Then,
pointwise convolution operations with shared parameters are applied to Fx and Bx of the
forward and backward branches respectively, and then the output features are linearly
projected for SSMs calculation with shared parameters. Finally, they are gated and com-
bined by the corresponding Fz and Bz after activation functions, and the output sequence is
obtained by linear projection to restore the dimension. For the SSMs in EBS, we adopt the
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same default hyperparameters as Mamba. Among them, the state dimension is set to 16,
and the expansion ratio is set to 2. EBS can be expressed as

Fforward = SSMs(PWs(Lin
(
LN(X)

)))
⊗ SILU

(
Lin

(
LN(X)

))
, (5)

Bbackward = SSMs(PWs(Lin
(
LN(X)

)))
⊗ SILU

(
Lin

(
LN(X)

))
, (6)

EBS = Lin
(

Fforward + Bbackward
)
, (7)

where LN(·) denotes layer normalization. Lin(·) is a linear layer. PWs and SSMs denote
pointwise convolution and state space model with shared parameter weights respectively.
SILU(·) is an activation function. ⊗ denotes element-wise multiplication.

Figure 4. The Efficient Bidirectional Sharing (EBS) module.

3.4. Spatiotemporal Collaborative Modulation (STCM)

In our architecture design, we aim to expand the spatial information captured by
ETMamba, enabling it to integrate both global and local modeling perspectives. This
innovative idea gave birth to the new STCM Mamba Block module. Among them, the lower
branch adopts Efficient Bidirectional Sharing (EBS) specifically responsible for extracting
global temporal modeling, which achieves this goal by analyzing and calculating the long-
range dependencies of feature maps. The upper branch focuses on capturing local spatial
information at multiple scales. The local spatial modeling mechanism extracts contextual
relationships by analyzing spatial patterns of different scales. The network structure of
Spatiotemporal Collaborative Modulation (STCM) is shown in Figure 5.

Specifically, for the input sequence X, a normalization layer is first used to standardize
the data. After standardization, the data passes through a local spatial modeling layer,
which performs dimensionality reduction processing through a 1 × 1 convolution kernel.
By quadrupling the number of channels, a more efficient tensor is generated for subsequent
processing. To capture spatial context, we adopt multi-scale local spatial modeling that uses
three dilated convolutions (DConv) with dilation rates of 1, 2, and 3, and convolution kernel
sizes of 3 × 3, 5 × 5, and 7 × 7 respectively, enabling the model to capture both short-range
and long-range spatial dependencies within each individual frame. After convolution
processing, the feature map is activated by the SILU nonlinear function. Subsequently,
the output features are residually connected with the original input to generate a tensor
containing rich spatial information with specific dimensions. Finally, the outputs of the
local spatial module branch and the global temporal module branch are concatenated along
the channel dimension. This concatenation method integrates local and global spatial

https://doi.org/10.3390/electronics15061338

https://doi.org/10.3390/electronics15061338


Electronics 2026, 15, 1338 9 of 19

information, enabling the model to fully understand the input feature maps. STCM can be
expressed as

X′ = PW
(
LN(X)

)
, (8)

XC = concat
[
DC3(X′), DC5(X′), DC7(X′)

]
+ X′, (9)

STCM = concat
[
EBS,

(
LN

(
SILU(XC)

)
+ X

)
], (10)

where LN(·) denotes layer normalization. PW(·) denotes pointwise convolution. DCm(·)
denotes a dilated convolution with a kernel size of m. SILU(·) is an activation func-
tion. concat[·, ·] denotes concatenation along the tensor channel. EBS is Efficient
Bidirectional Sharing.

Figure 5. The Spatiotemporal Collaborative Modulation (STCM) module.

4. Results
4.1. Dataset

In this paper, we comprehensively evaluate the performance of our method on four
benchmark video action recognition datasets, which collectively represent various sce-
narios and technical challenges in practical applications. These datasets are carefully
selected to verify the robustness and adaptability of our proposed method under different
video features:

(a) Kinetics-400 (K400) [4]: This dataset captures human activity videos from moving
camera perspectives, including 240 K videos for training and 20 K videos for validation. The
dataset contains 400 different categories, and each video has a duration of approximately
10 s. The diversity of action categories and motion scenarios makes it a challenging temporal
modeling benchmark.

(b) Something-Something V2 (SSv2) [5]: This dataset is recorded with a fixed camera,
containing 169 K training videos and 25 K validation videos, focusing on interactions
between humans and objects. The dataset includes 174 action categories with an aver-
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age video duration of 4 s. A large number of first-person perspectives and multi-object
interactions in the dataset add additional complexity.

(c) HMDB-51 [6]: This dataset contains 6849 videos covering 51 action categories, with an
average duration of video clips of approximately 5 s. It focuses on examining the model’s abil-
ity to recognize temporal relationships and fine-grained differences between action categories
from scarce data and limited training samples in a constrained environment.

(d) Breakfast [7]: This dataset is collected from real scenes of 18 different kitchens,
containing 1712 video clips, and the action categories cover 10 typical breakfast-making
operations. Different from other short video datasets, the average video duration of the
Breakfast dataset is approximately 2.7 min. Moreover, each video clip in the Breakfast
dataset is annotated at the action unit level, forming a complete hierarchical annotation
that accurately captures the temporal dependencies and logical correlations of action units
in daily human activities.

4.2. Model Configurations

All data processing, model construction, optimization, and training of the proposed
ETMamba model in this paper are completed based on the PyTorch v2.1 and CUDA
v11.8. framework, and the hardware environment for experimental training is an NVIDIA
RTX3090 GPU. To balance computational efficiency and feature representation capability,
the model selects VideoMamba-M as the backbone architecture. For different experimental
datasets, the pre-trained weights of the ImageNet-1K [27] or K400 dataset are first used
for initialization, then fine-tuned on the training set of each target dataset, and the final
experimental results are reported on the validation set. In terms of data processing, during
training and inference, we uniformly crop the video frame resolution to 224 × 224 through
center cropping, then uniformly sample 16 frames with a time step of 2 for model input.
The data augmentation strategy combines spatial, temporal, and advanced technologies,
including label smoothing (coefficient 0.1), RandAug (parameters [9, 0.5]), random erasure,
etc. Among them, flip augmentation is not enabled on the SSv2 dataset. In the inference
phase, we adopt a multi-view cropping strategy for video data, and the final prediction
score is obtained by calculating the average of the prediction scores of each view. The
overall training scheme refers to the original VideoMamba architecture, and BFloat16
precision is used to improve training stability. Our model uses the AdamW optimizer
(β1 = 0.9, β2 = 0.999, weight decay = 0.05) for optimization training. The learning rate
scheduling adopts a cosine decay learning rate scheduler, the initial learning rate is set to
3× 10−4, and the linear scaling strategy of the learning rate is consistent with VideoMamba.
The batch size is set to 64, and Drop Path is set to 0.1. Regarding the number of learning
rate warm-up epochs, K400 and SSV2 are 1 epoch, HMDB-51 and Breakfast are 5 epochs;
the training epochs for each dataset are 30 epochs for K400, 35 epochs for SSV2, and
50 epochs for both HMDB-51 and Breakfast. We evaluate the ETMamba model on multiple
video benchmark datasets and compare it with other advanced action recognition methods
including video CNNs, Transformer, and Mamba.

4.3. Contrast Experiment

To verify the performance superiority and competitiveness of our proposed method
in short video human action recognition tasks, we select the widely used benchmark
dataset Kinetics-400 in the field of action recognition to conduct systematic comparative
experiments. The comparative experimental results of ETMamba on the Kinetics-400
dataset are shown in Table 1.
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Table 1. Comparison with the current state-of-the-art method on the K400 dataset.

Method Pre-Training Params Fr. × Cr. × Cl. FLOPs Top-1 Top-5

ActionCLIP-B/16 [28] CLIP-400M 142M 32 × 3 × 10 16.89T 83.8% 96.2%
UniFormerV2-B/16 [19] CLIP-400M 115M 8 × 3 × 4 1.8T 85.6% 97.0%
AIM-L/14 [29] CLIP-400M 341M 8 × 3 × 1 0.93T 86.8% 97.2%
DUALPATH-B/16 [30] CLIP-400M 96M 32 × 3 × 1 2.1T 85.4% 97.1%
MoTE-L/14 [31] CLIP-400M 346.6M 8 × 3 × 4 7.788T 86.8% 97.5%
MoTED-B/16 [32] CLIP-400M 116M 32 × 3 × 1 2.04T 86.2% 97.5%
VideoMamba-M [3] IN-1K 74M 16 × 3 × 4 2.424T 81.9% 95.4%
StableMamba-M [21] IN-1K 76M 16 × 3 × 4 2.472T 82.5% -
VideoMambaPro-Ti [20] IN-1K 7M 32 × 3 × 4 0.4T 85.8% 96.9%
ViViM-S [33] IN-1K 26M 16 × 3 × 4 0.816T 80.1% 94.1%
VideoMamba++ [34] IN-1K 21M 64 × 3 × 4 1.62T 83.3% 96.0%
VideoMAP-M [22] IN-1K 96M 16 × 3 × 4 - 85.8% 97.3%
VCMamba [35] - 79M - × 3 × 4 0.261T 87.3% 97.8%
MoMa-L/14 [36] CLIP-400M 342M 16 × 1 × 3 4.152T 87.8% 98.0%
ETMamba(Ours) IN-1K 97M 16 × 3 × 4 1.704T 88.3% 98.5%

In the table, ’Fr.’, ’Cr.’, and ’Cl.’ are abbreviations for ’Frames’, ’spatial crops’, and
’temporal clips’, respectively. The dash ’-’ indicates that the result is not provided in the
reference literature. ETMamba achieves the optimal performance among all comparative
models with a Top-1 accuracy of 88.3% and a Top-5 accuracy of 98.5%. Under the same
configuration, compared with the baseline model VideoMamba (81.9% Top-1) which also
relies on IN-1K pre-training, our method improves the Top-1 accuracy by 6.4 percentage
points with fewer FLOPs (1.704T vs. 2.424T). More importantly, with a medium scale of
only 97M parameters, ETMamba not only surpasses DUALPATH (96M, 85.4% Top-1) of the
same parameter level by 2.9 percentage points but also outperforms the large-parameter
model MoTE by 1.5 percentage points in accuracy, becoming the top-performing model
among all comparative models. This performance not only demonstrates its efficient struc-
tural design but also indicates that when scaled to larger parameter levels in the future,
the performance still has room for continuous improvement, showing excellent scalability.
In terms of computational complexity, ETMamba’s FLOPs are only 1.704T, which is at
a low to medium level among comparative models. On the premise of ensuring the in-
tegrity of spatiotemporal information, it successfully reduces redundant computations and
achieves the optimal trade-off between low overhead and high performance. In addition,
although the accuracy of our method is similar to that of the model MoMa (342M, 87.8%
Top-1), it is worth noting that it has far more adjustable parameters (97M vs. 342M) and
larger FLOPs (1.704T vs. 4.152T) than our model. By virtue of its exquisite spatiotemporal
modeling mechanism, ETMamba achieves performance surpassing large-parameter mod-
els at a medium parameter level, fully confirming the advancement and rationality of its
structural design. At the same time, its low computational overhead makes it more suit-
able for real-time recognition practical application scenarios, with extremely high landing
value. To more intuitively highlight the performance advantages of ETMamba, we draw a
correlation diagram between the Top-1 accuracy and floating-point operations per video
(FLOPs/Video) of various mainstream models on the Kinetics-400 dataset. Among them,
our proposed method ETMamba is highlighted with a red five-pointed star, and the specific
results are shown in Figure 6.
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Figure 6. The performance of different models on the K400 dataset.

We also conducted experiments on the Something-Something V2 dataset and com-
pared it with other advanced models in the field of action recognition in recent years.
The comparative experimental results on the Something-Something V2 dataset are shown
in Table 2.

Table 2. Comparison with the current state-of-the-art method on the SSv2 dataset.

Method Pre-Training Params Fr. × Cr. × Cl. FLOPs Top-1 Top-5

UniFormerV2-B/16 [19] CLIP-400M 163M 16 × 3 × 1 0.6T 69.5% 92.3%
UMT-B800e [37] CLIP-400M 87M 8 × 3 × 2 1.08T 70.8% 92.6%
PosMLP-Video-L [38] - 35.4M 16 × 3 × 1 0.338T 70.3% 92.3%
MoTED-B [32] CLIP-400M 112M 32 × 3 × 1 2.04T 71.9% 92.7%
VideoMamba-M [3] IN-1K 74M 16 × 3 × 4 2.424T 68.3% 91.4%
VideoMamba++ [34] IN-1K 16M 56 × 3 × 4 0.672T 69.6% 92.2%
MoMa-L/14 [36] CLIP-400M 342M 16 × 1 × 3 8.304T 73.8% 93.6%
ETMamba(Ours) IN-1K 97M 16 × 3 × 4 1.704T 74.6% 94.1%

In the table, ’Fr.’, ’Cr.’, and ’Cl.’ are abbreviations for ’Frames’, ’spatial crops’, and
’temporal clips’, respectively. The dash ’-’ indicates that the result is not provided in
the reference literature. Our proposed ETMamba method comprehensively outperforms
several recently proposed methods. Compared with MoTED and VideoMamba in 2024,
it achieves a leap in Top-1 accuracy of 2.7% and 6.3% respectively. Even compared with
MoMa proposed in 2025, our method achieves a 0.8% improvement in Top-1 accuracy.
Although the improvement is not high, its parameter scale (342M vs. 97M) is 3.5 times that
of ETMamba, and the computational volume (8.304T vs. 0.853T) is nearly 10 times higher,
which limits its practicality in actual deployment scenarios. Although VideoMamba++
has better computational efficiency than our model, it relies on more video frame inputs
(56 Frames vs. 16 Frames), and its Top-1 accuracy is much lower than our method (69.6%
vs. 74.6%). This indicates that ETMamba can efficiently capture key temporal information
of actions within a more compact input temporal length, achieving a balance between
performance and efficiency. Furthermore, as shown in Figure 7, we randomly selected
10 action categories from the SSv2 dataset and performed visual analysis of the model-
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extracted features using the T-Distributed Stochastic Neighbor Embedding (t-SNE) [39]
method. The comparison results clearly reveal the significant difference in feature learning
ability between the baseline method and our proposed ETMamba method.The feature
distribution generated by the baseline model is relatively loose, the feature difference
of samples in the same class is large, and the boundary between different classes is not
clear. In stark contrast, the features extracted by the ETMamba method demonstrate
a more compact clustering structure, with distinct clusters of different categories and
higher separation between them. This outstanding clustering performance demonstrates
that ETMamba effectively decouples the complex spatiotemporal information embedded
in video sequences, enabling a clear differentiation of various action categories in the
feature space.

(a) (b)

Figure 7. The t-SNE visualization of 10 randomly selected categories in the SSv2 dataset, where
different colors represent distinct behavioral categories, with each point corresponding to a feature
embedding of a video sequence. (a) Vanilla model. (b) ETMamba(Ours).

Beyond performance comparison, we further analyze the computational complexity
of our ETMamba in comparison with the baseline VideoMamba. We provide a detailed
analysis of the computational complexity of ETMamba. Built upon VideoMamba as the
baseline, ETMamba has a slight increase in the number of parameters from 74 million
to 97 million, which is mainly caused by three newly introduced lightweight modules:
STFP, EBS, and STCM. All these modules are elaborately designed with low computational
overhead and no high-cost operations. Specifically, STFP adopts depthwise separable
convolution with linear complexity; EBS achieves bidirectional temporal modeling through
parameter-sharing state space models; and STCM captures multi-scale spatial features via
sparse dilated convolutions. Despite the minor growth in parameters, ETMamba only
costs 1.704 TFLOPs, which is 29.6% lower than the baseline VideoMamba (2.424 TFLOPs).
Such a remarkable improvement in computational efficiency benefits from the targeted spa-
tiotemporal optimization of each module, which effectively reduces invalid and redundant
feature computations during the spatiotemporal modeling process. Therefore, ETMamba
achieves a favorable trade-off between modeling performance and computational cost.

In addition, we also conducted experiments on the small-scale action recognition
dataset HMDB-51 to study the generalization ability of the spatiotemporal and action
features learned by our method. The comparative experimental results on the HMDB-51
dataset are shown in Table 3.
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Table 3. Comparison with the current state-of-the-art method on the HMDB-51 dataset.

Method Pre-Training Params Top-1

VideoMAE [40] K400 87M 73.3%
VideoMAE V2 [41] - 1050M 88.1%
VideoMamba-M [3] K400 74M 68.6%
VideoMambaPro-M [20] IN-1K 72M 63.2%
Mamba-ND [24] IN-1K 36M 60.9%
ETMamba(Ours) K400 97M 75.7%

In the table, the dash ’-’ indicates that the result is not provided in the reference litera-
ture. Through comparison, it can be found that ETMamba shows excellent competitiveness
among many models. Although its Top-1 accuracy is lower than that of VideoMAE V2
(75.7% vs. 88.1%), its parameter quantity is an order of magnitude higher than that of
ETMamba. Additionally, we present the confusion matrix for the HMDB-51 dataset, as
shown in Figure 8. The visualization results show that our model performs well in most
action categories. ETMamba achieves an accuracy of no less than 70% in all 51 categories.
This widespread high-accuracy performance far exceeds the limitation of most models
that excel in some categories but are mediocre in most categories. Moreover, the model’s
temporal feature capture is good. The recognition accuracy of limb posture recognition
that requires previous and subsequent frames, such as stand (79.31%) and sit (80.56%),
run (79.07%) and walk (78.57%), is all close to 80%. For facial expression categories that
require local spatial fine-grained recognition, such as smile (81.25%) and laugh (78.38%), the
model can also accurately distinguish them, fully demonstrating ETMamba’s collaborative
capture capability in global time and local space.

Figure 8. HMDB-51 confusion matrix. The confusion matrix displays predicted labels on the x-axis
and actual labels on the y-axis, with the diagonal numbers representing the corresponding Top-1
accuracy. The intensity of the color in the matrix corresponds to the accuracy of the prediction.

To further verify the effectiveness of this method in capturing long video sequences,
we also conducted experiments on the Breakfast dataset and compared it with other
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advanced methods in the field of action recognition. The comparative experimental results
of ETMamba on the Breakfast dataset are shown in Table 4.

Table 4. Comparison with the current state-of-the-art method on the Breakfast dataset.

Method End-to-End Pre-Training Frames Top-1

Distant Supervision [42] × IN-21K+HTM - 89.9%
ViS4mer [43] × IN-21K+K600 - 88.2%
Turbo [44] × K400+HTM-AA 32 91.3%
VideoMamba-M [3] ✓ K400 64 95.8%
MoMa-L/14 [36] ✓ K400+CLIP-400M 64 96.9%
VideoMAP-M [22] ✓ K400 24 97.9%
ETMamba(Ours) ✓ K400 64 98.1%

In the table, ’End-to-End’ indicates an end-to-end method, where ’✓’ and ’×’ indicate
whether it is adopted. The dash ’-’ indicates that the result is not provided in the reference
literature. Our ETMamba model performs excellently on the Breakfast dataset, achieving a
Top-1 accuracy of 98.1%, which is a 2.3% improvement compared with the baseline model
VideoMamba. This method adopts an end-to-end learning paradigm, which adaptively
learns spatiotemporal features and behavioral patterns directly from original video frames,
ensuring both the integrity of long-sequence temporal information and the consistency and
effectiveness of feature mapping. This architectural advantage enables it to overwhelmingly
outperform non-end-to-end methods such as Turbo (98.1% vs. 91.3%), strongly confirming
the core value of the end-to-end paradigm in long video understanding tasks. It is worth
noting that compared with the MoMa model that relies on multi-source pre-training data,
ETMamba can deeply mine fine-grained spatiotemporal correlation information in videos
relying only on the single pre-training dataset K400, and still achieve stronger generalization
ability without relying on massive multi-source data, fully demonstrating its effectiveness
in the field of long video understanding.

4.4. Ablation Experiments

To verify the effectiveness of each core module of the ETMamba model, we system-
atically explored the effects of the Spatiotemporal Feature Preservation (STFP), Efficient
Bidirectional Sharing (EBS), and Spatiotemporal Collaborative Modulation (STCM) mod-
ules. The experiments were conducted on the K400 and SSv2 datasets, with performance
evaluated on their respective validation sets. The parameters were consistent with the main
experiments, and 16 frames were sampled for each video clip. The ablation experiment
results are presented in Table 5.

Table 5. Comparison of performance of each module in ETMamba.

STFP EBS STCM Top-1 (K400) Top-1 (SSv2)

(a) × × × 81.9% 68.3%
(b) ✓ × × 85.1% (+3.2) 70.7% (+2.4)
(c) ✓ ✓ × 86.4% (+1.3) 72.8% (+2.1)
(d) ✓ ✓ ✓ 88.3% (+1.9) 74.6% (+1.8)

(a) Baseline model: We use VideoMamba as the baseline model for ablation experi-
ments, which has a Top-1 accuracy of 81.9% on the Kinetics-400 dataset and 68.3% on the
Something-Something V2 (SSv2) dataset, providing a benchmark reference for verifying
the effectiveness of subsequent modules.

(b) Introducing only the STFP module: We add the Spatiotemporal Feature Preserva-
tion (STFP) module to the baseline model. This module combines depthwise separable
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convolution and a gating fusion mechanism to extract and preserve spatiotemporal features
from video data before sequence flattening, which can effectively retain the foreground
spatial features of the appearance-biased Kinetics-400 (K400) dataset and the motion tem-
poral features of the temporal-sensitive Something-Something V2 (SSv2) dataset, thus
maintaining the complete spatial position correlation and temporal inter-frame information
of the original video data. The experimental results show that after introducing STFP, the
model’s Top-1 accuracy increases from 81.9% to 85.1% on K400 (an increase of 3.2%) and
from 68.3% to 70.7% on SSv2 (an increase of 2.4%). This result fully proves that the STFP
module solves the problem of insufficient feature integrity caused by the flattening opera-
tion of the traditional Mamba model, providing more accurate feature input for subsequent
spatiotemporal modeling.

(c) Introducing STFP + EBS modules: On the basis of the STFP module, we further
added the Efficient Bidirectional Sharing (EBS) strategy as a new type of SSMs block. EBS
achieves accurate modeling of bidirectional temporal dependencies through a directional
bias mechanism and parameter sharing design. The experimental results show that after
adding EBS, the model’s Top-1 accuracy is further increased by 1.3% on K400 (85.1% vs.
86.4%) and by 2.1% on SSv2 (70.7% vs. 72.8%), indicating that the EBS module can effectively
enhance bidirectional key information, weaken invalid dynamics, and enable the model to
more accurately anchor the temporal correlation of input features. The more significant
performance gain on SSv2 aligns with our design intuition: the semantics of most actions in
SSv2 are determined by temporal direction, and the EBS bidirectional temporal modeling
capability is particularly critical for this dataset that focuses on inter-frame temporal motion
relationship modeling.

(d) Introducing STFP + STCM modules: We further replace the standalone EBS block
with the complete Spatiotemporal Collaborative Modulation (STCM) mechanism that
inherently integrates the EBS structure within its dual-branch framework. STCM uses a
dual-branch division of labor architecture of "global temporal–local spatial", combined with
multi-scale dilated convolution to enhance fine-grained spatial feature extraction capability.
Due to the serpentine row-major scanning strategy of Mamba, this design specifically
provides additional spatiotemporal information compensation for feature extraction in 1D
sequences, achieving collaborative optimization of global temporal flow capture and local
spatial detail mining. The experimental results show that the model’s Top-1 accuracy is
increased from 86.4% to 88.3% on K400 (a relative increase of 1.9%) and from 72.8% to 74.6%
on SSv2 (a relative increase of 1.8%), fully proving that the STCM module can effectively
collaboratively model spatiotemporal information, significantly enhance the model’s ability
to capture fine-grained behavioral features, and further improve recognition accuracy.

The results of the ablation experiments show that by sequentially introducing the
three core modules of STFP, EBS, and STCM, the Top-1 accuracy of ETMamba is gradually
increased from 81.9% of the baseline model to 88.3% on K400, and from 68.3% to 74.6% on
SSv2. The addition of each module significantly improved the performance of the model,
and each step of improvement specifically solved the problems of the Mamba model such
as video data feature loss, vague capture of directional features, and insufficient capture of
local fine-grained features. This result effectively proves the effectiveness of the proposed
model, making ETMamba a high-performance model that achieves an excellent balance
between efficiency and effectiveness.

5. Conclusions
To address the balance problem between spatiotemporal modeling accuracy and

computational efficiency in existing video action recognition methods, this paper proposes
an efficient temporal model—ETMamba. By performing targeted optimization of the
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traditional Mamba architecture, the model systematically solves the core limitations of
Mamba in video tasks. The main research results are as follows.

Firstly, to address the problems of broken spatial relationships and loss of temporal
information caused by data flattening in the Mamba model, the Spatiotemporal Feature
Preservation (STFP) module is designed. This module completes the extraction and fusion
of original spatiotemporal features before block division through depthwise separable
convolution and a gating fusion mechanism, providing more accurate feature input for
subsequent modeling. Secondly, to break through the limitation of unidirectional pro-
cessing mode on the capture of directional features, the Efficient Bidirectional Sharing
(EBS) strategy is proposed. By splitting forward and backward branches and sharing
the core parameters of SSMs, a directional bias mechanism is introduced to enhance key
temporal information, achieving accurate modeling of bidirectional temporal dependencies.
Finally, the Spatiotemporal Collaborative Modulation (STCM) mechanism is constructed,
which adopts a dual-branch architecture of global temporal and local spatial collaboration,
combined with multi-scale dilated convolution to enhance fine-grained spatial feature ex-
traction capability, effectively balancing the needs of long-short term dependency modeling
and significantly improving the model’s ability to distinguish behaviors in complex scenar-
ios. By combining the above designs, our model efficiently completes the extraction and
modeling of video spatiotemporal information with low computational cost, significantly
enhancing the model’s interpretability and generalization ability. Thus, excellent model
performance is achieved on various real-world datasets. Finally, we further verified the
excellent recognition performance and generalization ability of ETMamba on long and
short video datasets through comparative experiments, ablation experiments, etc. On large-
scale datasets Kinetics-400 and Something-Something V2, its accuracy surpasses models
of the same parameter level and some large-parameter models, and the computational
complexity is at a low to medium level. The model can also adapt to small-scale datasets
and long video datasets, which is verified by our experiments on HMDB-51 and Breakfast
datasets. Although ETMamba has achieved significant performance improvements, it still
has certain limitations. Although the model maintains low to medium computational
complexity, it still has room for compression compared with lightweight models, and the
inference overhead needs to be further reduced in resource-constrained real-time scenarios.
Currently, the model is mainly designed for action classification tasks and has not been
extended to more complex video analysis tasks such as action detection and temporal
localization. In addition, we will try to pre-train on larger-scale datasets and adopt larger
benchmark models to further explore the model’s representation capability and promote
its application in a wider range of practical scenarios.
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