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With the digital transformation of sports education and athletic training, the automated
analysis and understanding of instructional sports videos have emerged as critical areas of
research. Fine-grained action understanding models play an increasingly significant role in
this context, as they are designed to accurately extract and analyze detailed motion
information. Traditional approaches to action recognition have primarily relied on single-
scale feature extraction, which has proven inadequate for handling complex spatiotemporal
information, especially in scenarios characterized by high variability and rapid motion
transitions. These limitations often result in reduced accuracy and poor real-time
performance. In recent years, multi-scale network models have been explored to enhance
video analysis capabilities; however, challenges remain in balancing computational
efficiency with precision. To address these shortcomings, a fine-grained action
understanding model based on a hierarchical spatiotemporal pyramid network was proposed
in this study. By constructing a multi-scale spatiotemporal pyramid prediction algorithm,
this model can improve the extraction of spatiotemporal feature points of sports actions. In
addition, by incorporating a temporal scale-based fine-grained action prediction algorithm,
the model can capture intricate details within instructional sports videos accurately. By
optimizing dynamic spatiotemporal characteristics and temporal dependencies, this study
achieves improved accuracy and real-time performance in the prediction of fine-grained
sports actions, offering a novel theoretical and technical foundation for the development of

intelligent sports instruction systems.

1. INTRODUCTION

With the rapid advancement of digital technologies, the
application scenarios of instructional sports videos have
become increasingly diverse [1, 2], serving as essential tools
for enhancing athletic skills and strengthening instructional
effectiveness. Traditional methods of sports education have
gradually shifted toward video-based analysis and intelligent
instructional paradigms [3-7]. Accordingly, the accurate
interpretation of actions depicted in video sequences [8] and
the automated analysis and feedback of motion patterns [9]
have attracted significant attention in both academia and
industry. As a core technology within artificial intelligence-
driven video analysis, fine-grained action understanding [10,
11] requires the extraction of detailed behavioral features from
instructional videos [12]. A key challenge lies in the precise
extraction and analysis of spatiotemporal feature points under
complex and diverse motion conditions.

The task of action understanding in instructional videos
typically involves processing large volumes of spatiotemporal
information [13, 14]. Effectively extracting and interpreting
this information across multiple temporal and spatial scales is
critical for improving both the accuracy and real-time
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responsiveness of video analysis systems. Existing studies
have predominantly focused on conventional deep learning
models [15-17]. However, these models often struggle to
simultaneously capture the dynamic spatiotemporal properties
of motion and the intricacies of complex action patterns. In
response to these limitations, a novel action understanding
model based on a hierarchical spatiotemporal pyramid
network was introduced in this study. This model enables the
comprehensive extraction of spatiotemporal feature points
from a multi-scale perspective while enhancing the precision
of fine-grained action prediction. The proposed model offers a
more efficient and accurate solution for analyzing instructional
sports videos.

However, several significant limitations remain in existing
studies on fine-grained action understanding. Wang et al. [18]
performed feature extraction using a single-scale approach,
which failed to account for the diversity of action expression
and the variability of spatiotemporal scales, ultimately
resulting in suboptimal prediction performance. Tavcar et al.
[19] concentrated on the recognition of holistic actions and
demonstrated limited capability in analyzing fine-grained
motion components. This limitation was particularly evident
in complex scenes, where the capture and precision of detailed
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behaviors were frequently compromised. Furthermore,
although multi-scale network models have improved action
recognition performance to some extent, challenges related to
computational efficiency and real-time processing persist
when handling large-scale sports video datasets.

This study focuses on two core research components. First,
a fast multi-scale spatiotemporal pyramid prediction algorithm
was proposed for the computation of spatiotemporal feature
points, in which a hierarchical spatiotemporal pyramid
structure was constructed to enhance the processing capacity
for multi-scale motion information. This design can
significantly improve prediction accuracy and responsiveness.
Second, a fine-grained action prediction algorithm for
instructional sports videos based on temporal scale was
introduced to investigate the temporal characteristics of
different sports behaviors. This method can optimize temporal
dependencies and the handling of fine-grained motion details
throughout the action recognition process. Together, these
contributions provide a novel framework and methodology for
advancing fine-grained action understanding in instructional
sports videos, offering important support for the application
and development of intelligent instructional systems.

2. MULTI-SCALE SPATIOTEMPORAL PYRAMID
PREDICTION ALGORITHM FOR COMPUTING
ACTION SPATIOTEMPORAL FEATURE POINTS

In the context of fine-grained action understanding in
instructional sports videos, the motion patterns captured often
exhibit high complexity and variability. This necessitates a
model capable of precisely identifying and analyzing subtle
motion details. Fine-grained action understanding requires the
extraction of information across multiple temporal and spatial
scales. By adopting a hierarchical spatiotemporal pyramid
network architecture, features at various scales can be
computed through a layered strategy, thereby enhancing the
capacity for recognizing diverse motion behaviors. However,
such an approach is often accompanied by high computational
overhead and limited processing speed. Especially when real-
time performance is required, the computational efficiency of
such an approach typically fails to meet practical demands,
making it difficult for the model to run efficiently in dynamic
and complex instructional sports environments. To overcome
this bottleneck, a feature prediction algorithm based on inter-
scale layered image structures was introduced as a solution to
improve real-time performance. This algorithm effectively
preserves computational accuracy while accelerating feature
computation across scales, thereby offering a more efficient
and practical framework for fine-grained action understanding
in instructional sports videos. The proposed methodology can
be introduced in two key parts: (a) the principle of a fast
spatiotemporal pyramid hierarchical computation strategy for
the multi-scale features of fine-grained actions in instructional
sports videos; (b) a fine-grained action understanding
algorithm based on temporal scale for those instructional
sports videos.

To achieve accurate analysis and interpretation of athletes'
movements and postures, precise feature extraction from video
frames is essential. In this process, the selection of image
scales plays a decisive role in the successful extraction of fine-
grained motion features. To effectively capture action details
in instructional sports videos, multi-scale images (Us) were
generated via upsampling and downsampling. In addition,
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their spatiotemporal feature points were extracted using the
Hessian matrix. Let
h(a,b,s;0,;m)=1/[(20)35* 7%, > X EXP(1(a*+b?)/26°-s*127%,)
and M., ~0/0a*h(Su,m)*1(a,b,s), and the Hessian matrix
composed of second-order partial derivatives can be expressed
as follows:

Maa ab Mas
G(h;é‘uz;ﬁj): M, w o My (1)
Msa sb s

The Hessian matrix, as a scale-invariant feature extraction
tool, enables the accurate and stable localization of salient
feature points in images. Given the significant temporal and
spatial variability of actions in instructional sports videos,
traditional feature extraction methods often fail to adapt
effectively to such variations. In contrast, the Hessian matrix
ensures consistent detection of critical motion features across
multiple scales, and it provides robust support for the precise
localization and extraction of important spatiotemporal feature
points, particularly in fine-grained action recognition. To
further simplify the computation and to ensure that the
Gaussian kernel accurately selects appropriate spatial and
temporal scales, denoted as do and m, a y-normalization
process was applied to the Hessian matrix, enhancing both
computational efficiency and accuracy. The absolute value of
the determinant of the Hessian matrix is expressed as:

T =

DE ( GNORM )‘ _ M;/a—NORM Mbyb—NORMMS*/S—NORM (2)
= 5207[2“’.MzthhM.vx = 55”5/2MaaMbesx

where, 0=5/2, and w=5/4.
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Figure 1. Various strategies for multi-scale feature extraction
and fusion



Figure 1 illustrates different strategies for multi-scale
feature extraction and fusion. Traditional spatiotemporal
pyramid approaches perform repeated resampling of image
data across various scales. The input images are divided into
multiple hierarchical groups, each further subdivided into
finer-scale layers. While this method enables the extraction of
a rich set of spatiotemporal features, it incurs a substantial
computational burden. In particular, repeated sampling at each
scale results in significant inefficiencies. In real-world
instructional sports video analysis, systems are required to
respond rapidly and deliver real-time feedback. This is
especially critical in live instructional settings, where both
instructors and learners depend on the immediate analysis of
motion details. The traditional multi-scale spatiotemporal
pyramid strategy faces significant real-time issues in practical
applications, making it difficult to meet the dual requirements
of real-time performance and accuracy.
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Figure 2. Schematic diagram of the fast multi-scale
spatiotemporal pyramid prediction model

To overcome the aforementioned limitations, a fast multi-
scale spatiotemporal pyramid prediction algorithm was
introduced in this study to accelerate the computation of
spatiotemporal features without compromising accuracy. The
structure is illustrated in Figure 2. Through this algorithm,
redundant computational steps were eliminated, significantly
reducing the processing time required per video frame. In this
scheme, video images were initially divided into multiple scale
groups following conventional methods. However, unlike
traditional approaches, only a single downsampling operation
was performed for each group, reducing the repetitive
calculation of each scale. Specifically, images at scales of 1/2
and 1/4 were computed, and the determinant of the Hessian
matrix, denoted as |[DET(G"ORM)|, was utilized to extract the
values of feature points. This approach substantially reduces
computational complexity by eliminating the need for repeated
operations across all layers, effectively accelerating the
extraction of spatiotemporal feature points. To further enhance
efficiency, a feature point computation strategy based on the
prediction algorithm was adopted in this study. After
calculating the feature point values 7 at the 1/2 and 1/4 scales,
these known values were then used to predict the feature point
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values at adjacent scales. The prediction algorithm infers
feature point values of other scales based on the relationship
between neighboring scales, avoiding the need for
computation at every individual scale.

3. FINE-GRAINED ACTION UNDERSTANDING IN
INSTRUCTIONAL SPORTS VIDEOS BASED ON
TEMPORAL SCALE

In the context of fine-grained action understanding for
instructional sports videos, athlete movements often exhibit
distinct characteristics across different temporal and spatial
scales. To analyze these complex spatiotemporal patterns, a
temporal scale-based prediction algorithm was employed in
this study to efficiently extract spatiotemporal feature points
under varying motion frequencies. The core principle of this
algorithm lies in analyzing the relationship between the
temporal and spatial scales of each spatiotemporal feature
point, thereby intelligently predicting and computing the
positions of feature points across multiple temporal scales. For
instance, fast-paced actions such as shooting or sprinting are
typically associated with smaller temporal scales, whereas
slower actions such as standing or preparing involve larger
temporal scales. In the case of a waving gesture, if the
frequency of waving is high, the corresponding spatiotemporal
feature points are concentrated at smaller temporal scales.
These shorter temporal scales are capable of capturing rapid
motion transitions, enabling more precise representation of
hand movement details. Conversely, when the waving
frequency is lower, the associated feature points shift to larger
temporal scales, reflecting slower motion transitions and
producing feature point calculations characterized by extended
temporal scales. Figure 3 illustrates the computation of action-
related spatiotemporal feature points under varying motion
frequencies.

Time

(b) Low-frequency motion

Figure 3. Illustration of spatiotemporal feature point
computation under varying motion frequencies



In fine-grained action understanding for instructional sports
videos, the concept of scale space was utilized to analyze and
recognize complex motion sequences through multi-level
smoothing operations. Within this context, the scale space can
be defined as a family of image smoothing operators Sy,
representing the degree of processing applied to each frame of
the video. By progressively increasing the scale z, the degree
of smoothing is intensified, allowing low-frequency noise to
be suppressed while enhancing the visibility of fine-grained
action features present in the video. Each smoothing operator
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Sr in the scale space can be understood as applying different
levels of blurring to incrementally capture and refine
variations in motion, which is critical for the accurate
recognition of actions in instructional settings. As the value of
7 varies, a continuous transition from localized motion to more
global action patterns is exhibited, enabling effective
differentiation and recognition of fine-grained actions across
scales—such as the nuanced progression of actions like
shooting a basketball or kicking a soccer ball.
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Figure 4. Temporal reasoning illustration of the hierarchical spatiotemporal pyramid network

In the hierarchical spatiotemporal pyramid network
architecture adopted in the model, the use of scale space
further enhanced the spatiotemporal pyramid structure of the
video. By progressively extracting features at varying scales
from video data, fine-grained action recognition was achieved.
More specifically, the scale space was employed to construct
multi-layered, cross-scale feature extraction pathways within
the network, enabling the capture of subtle motion variations
across spatiotemporal scales. Under the influence of this multi-
scale framework, the network is capable of performing scale
transitions using the operator Spz facilitating precise
modeling of complex behaviors. Through the progressive
refinement enabled by the scale space, the model was
equipped to interpret and recognize a broad range of
instructional sports actions in fine detail, including action
initiation, transitional movements, and termination. Figure 4
illustrates the temporal reasoning process within the
hierarchical spatiotemporal pyramid network.

In this study, the temporal scale configuration follows a
recursive principle, whereby the spatiotemporal pyramid
structure of the video is divided into v layers, with each layer's
temporal scale defined as a multiple (z, 2z, ..., va) of a base
unit 7. This design enables the effective capture of hierarchical
temporal and spatial variations within the video. At different
scales, features can be extracted layer by layer, and the
mapping between scales 7 and w+g through Sy, iterations
yields fine spatiotemporal variation features. As a result, both
low-frequency global motions and high-frequency local
details are precisely modeled at each layer of the model.
Specifically, the recursive structure of the scale space is
redefined as follows:

M, =h(a,b,s;6,7)*U

M, =h(a,b,s;5,27r)*M] 3

M, = h(a,b,s;é',wr)*

Finally, the temporal scale-based prediction algorithm
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further optimizes the action understanding model by
calculating the ratio of the determinants of the Hessian matrix
across different spatial and temporal scales:

5_5/2

S M MM,
5_5/2
5147[14 MaaMbess
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Based on experimental results, the following relationship

was established:
_ 514MaaMbb _2 i '
é‘M

5:MaaMbb

(6))

(6)

(7

1.72 1/2
_y i . h(ﬂ)*U
0, ur) h(uz)*U
Since the temporal scale is defined as a multiple of z, it
follows that z,=urx.

4. EXPERIMENTAL RESULTS AND ANALYSIS

The experimental results presented in Figure 5 reveal
substantial differences in performance among the models
employing different pyramid prediction algorithms,
particularly in multi-scale action prediction and Receiver



Operating Characteristic (ROC) curve behavior across video
segments. In the performance comparison based on mean
Average Precision (mAP), the proposed method exhibited the
highest predictive accuracy. As the duration of the video
segments increased, prediction performance improved
steadily, ultimately reaching an mAP value of 0.623. In
contrast, ST-PoolNet and ST-GCN demonstrated inferior
results. ST-PoolNet maintained consistently low performance,
achieving a maximum mAP of only 0.2076 over time. ST-
GCN performed moderately better, reaching 0.0692, yet
remained far below the performance of the proposed approach.
The weakest performance was observed in STAPNet, which
attained a peak value of merely 0.0231 across multiple
temporal scales. These results indicate that the proposed
hierarchical spatiotemporal pyramid prediction algorithm
provides a clear advantage in fine-grained action
understanding for video segments, significantly enhancing the
model’s multi-scale information processing ability and
predictive accuracy.
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Figure 5. Comparative performance of different pyramid
prediction algorithms

From the ROC curve analysis, the proposed method also
outperformed the comparative models across all threshold
values. The curve approached the ideal value of 1.0, with an
accuracy of 0.9 achieved at a threshold of 0.8. These findings
suggest that the proposed algorithm is highly effective in
capturing spatiotemporal features in video segments and
excels in complex action recognition tasks. By contrast, ST-
PoolNet, ST-GCN, and STAPNet exhibited notably weaker
performance in the ROC evaluation. Although all three models

733

approached a maximum near 1.0, significant performance
disparities were observed across the threshold range of 0.2 to
0.8, where the proposed method consistently maintained
superior accuracy. In summary, the multi-scale spatiotemporal
pyramid prediction algorithm presented in this study
effectively integrates spatiotemporal features, optimizes
temporal dependencies in actions and the processing of motion
detail, thereby substantially increasing the precision of fine-
grained action prediction and understanding in instructional
sports videos.

Table 1. Prediction results for fine-grained actions in
different instructional sports videos

Training Set Validation Set

Action Type Accuracy Accuracy
Demonstration 67.25% 85.32%
Error correction 71.23% 91.25%

Imitative practice 72.59% 91.36%
Interactive questioning 73.65% 92.35%
Performance display 71.79% 90.51%

The prediction results presented in Table 1 indicate that the
proposed hierarchical spatiotemporal pyramid network
architecture  demonstrates  superior performance in
recognizing fine-grained actions across various types of
instructional sports videos. The model achieved consistently
high accuracy on both the training and validation sets for each
category of instructional behavior. Specifically, an accuracy of
67.25% was achieved for “demonstration” in the training set
and 85.32% in the validation set. For “error correction,” the
training accuracy reached 71.23%, while the wvalidation
accuracy improved to 91.25%. “Imitative practice” resulted in
training and validation accuracies of 72.59% and 91.36%,
respectively. In the case of “interactive questioning,”
accuracies of 73.65% and 92.35% were recorded, and for
“performance display,” the model achieved 71.79% and
90.51% on the training and validation sets, respectively. These
results demonstrate that the proposed method is capable of
effectively processing fine-grained instructional actions across
diverse video scenarios. In particular, the high validation
accuracies reflect the model’s strong generalization ability.

Table 2. Experimental results of the proposed model on
different types of datasets

Training Set Validation Set

Dataset Accuracy Accuracy
MultiSports 91.25% 97.56%
FineDiving 91.27% 97.52%
FineSports 91.36% 96.32%

Average 91.58% 97.54%

As shown in Table 2, the proposed hierarchical

spatiotemporal pyramid network architecture achieved
consistently high performance across multiple dataset types.
High accuracy and stability were observed on both the training
and validation sets. For example, on the MultiSports dataset,
accuracies of 91.25% and 97.56% were recorded for the
training and validation sets, respectively. On the FineDiving
dataset, the training and validation accuracies reached 91.27%
and 97.52%, respectively. Similarly, the FineSports dataset
yielded accuracies of 91.36% (training) and 96.32%
(validation). These results demonstrate that the proposed
model consistently achieved strong predictive performance



across varied datasets. In particular, the validation set
accuracies were observed to be consistently higher than those
of the training set, indicating strong generalization capability
during the training process. Overall, the model achieved
average accuracies of 91.58% on the training sets and 97.54%
on the validation sets, further validating the effectiveness of
the proposed method.

Table 3. Comparative experimental results of different action
prediction networks

Network Model MultiSports  FineDiving  FineSports
FineGym 81.2% 82.4% 81.8%
SlowFast 83.6% 84.2% 84.5%

Temporal Segment o o o
Networks 84.5% 85.9% 83.9%
Temporal Excthtlon 85.6% 86.7% 84.3%

and Aggregation

Temporal Difference o o o
Networks 86.9% 87.4% 86.2%
MotionLLM 87.5% 88.7% 86.4%
Proposed model 91.6% 90.4% 90.7%

As shown in Table 3, the hierarchical spatiotemporal
pyramid network architecture proposed in this study
demonstrated a clear performance advantage when compared
with other action prediction networks across all evaluated
datasets. Notably, the proposed model consistently achieved
the highest accuracy scores on three datasets. For example, on
the MultiSports dataset, an accuracy of 91.6% was attained,
surpassing MotionLLM (87.5%) and Temporal Difference
Networks (86.9%). On the FineDiving dataset, the proposed
model achieved 90.4%, outperforming MotionLLM (88.7%)
and Temporal Excitation and Aggregation (86.7%). Similarly,
on the FineSports dataset, the proposed approach reached
90.7%, exceeding the performance of MotionLLM (86.4%)
and SlowFast (84.5%). These results confirm the superior
effectiveness of the proposed hierarchical spatiotemporal
pyramid network in fine-grained action prediction across
diverse instructional sports video datasets.

As shown in the confusion matrices presented in Figure 6,
in the MultiSports dataset, the classification accuracy for the
“demonstration” category reached 1.00, indicating perfect
recognition. However, 25% of the “error correction” samples
were misclassified as “imitative practice,” and 50% of the
“imitative practice” samples were misclassified as “interactive
questioning.”  For the FineDiving dataset, both
“demonstration” and “performance display” achieved perfect
accuracy (1.00). In contrast, 25% of the “error correction”
samples were misclassified as “performance display,” and
25% of the “imitative practice” samples were assigned to
“interactive questioning.” In the FineSports dataset, the
accuracy for “demonstration” again reached 1.00. However,
75% of the “error correction” samples were misclassified as
“interactive questioning.” Additionally, 25% of the “imitative
practice” samples were assigned to “demonstration,” and 25%
of “interactive questioning” samples were misclassified as
“performance display.”

Overall, the model demonstrated exceptional accuracy in
recognizing the “demonstration” and “performance display”
categories across all datasets, indicating strong discriminative
ability for these action types. However, misclassifications
were more common among the “error correction,” “imitative
practice,” and “interactive questioning” categories. This may
be attributed to the intrinsic similarity in their features, which

734

complicates the model’s ability to differentiate between them.
The observed variation in misclassification patterns across
datasets also reflects the influence of dataset-specific
characteristics on recognition performance. These findings
suggest that further refinement is needed to enhance the
model’s ability to distinguish between closely related
instructional behaviors, thereby improving the overall
performance of the model in fine-grained action understanding
in instructional sports videos.

Demonstration- 0.00 0.00 0.00 0.00
Error correction| 0.00 0.00
Imitative
practice 0.50 0.00
Interactive
questioning 05 0.00
Performance
display 0.00 0.25 0.00 0.00
D . Error Imitative  Interactive Performance
emonstration . . S B
correction  practice  questioning  display
(a) MultiSports
Demonstration - 0.00 0.00 0.00 0.00
Error correction 0.00 - 0.00 0.00 0.00
[mitative 0.00 0.00 - 0.25 0.00
practice
Interactive
gy 0.00 0.00 0.00 0.00
questioning
Performance 0.00 0.25 0.00 0.00
display : : : :
D . Error Imitative  Interactive Performance
emonstration . . e .
correction  practice  questioning  display
(b) FineDiving
Demonstration- 0.00 0.25 0.00 0.00
Error correction 0.00 0.25 0.00 0.00 0.00
Imitative
practice 0.00 0.00 - 0.00 0.00
questioning
Performance 0.00 0.00 0.00 0.00 0.25
display : : . : §
Demonstration Error Imitative  Interactive Performance
correction  practice  questioning display
(c) FineSports

Figure 6. Confusion matrices of the proposed model across
different dataset types

5. CONCLUSION

The proposed hierarchical spatiotemporal pyramid network
architecture has significantly advanced the task of fine-grained
action understanding in instructional sports videos through
two core innovations. First, a fast multi-scale spatiotemporal
pyramid prediction algorithm for computing action-related
spatiotemporal feature points was introduced. This approach



enhanced the model’s ability to process multi-scale motion
information, thereby improving both prediction accuracy and
real-time performance. Second, a temporal scale-based fine-
grained action prediction algorithm was proposed, enabling
the detailed analysis of temporal features across different types
of sports actions and optimizing both temporal dependencies
and fine-detail processing in the recognition process. The
integration of these two innovations resulted in substantial
improvements in the accuracy and interpretability of action
recognition within instructional sports video contexts.
Furthermore, this framework provides new insights for the
development of intelligent instructional systems, offering
considerable potential for practical deployment and further
advancement.

Despite the promising results achieved across multiple
datasets, several limitations remain. First, the current model
exhibits relatively high training and inference latency,
particularly when deployed on large-scale video datasets. This
presents challenges for real-time applications due to the
demand for substantial computational resources. Second,
although the proposed approach effectively processes multi-
scale spatiotemporal features, performance may still degrade
in highly complex and dynamically evolving behavioral
scenes. The ability in handling long-duration sequences or
actions with elevated structural complexity should be further
enhanced. Future research efforts should focus on improving
computational efficiency and enhancing the model’s capacity
to process spatiotemporal information in challenging scenarios
and exploring the lightweight models tailored for real-time
applications. Additionally, as the diversity of instructional
sports videos continues to grow, expanding the generalization
capabilities of the model will be essential to ensure reliable
performance across a wider range of behavioral categories.
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