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Abstract. This study proposes a Multi-Modal Action Density Scoring (MADS) framework that
integrates frame pruning into a ViViT-based multi-modal video recognition model to improve
computational efficiency while maintaining accuracy. MADS introduces two frame selection
strategies: a Learnable Threshold and a Top-K Segment Method. The Learnable Threshold adap-
tively determines pruning levels via a learnable parameter guided by a statistical loss, whereas the
Top-K Segment Method divides a video into temporal segments and selects the most informative
frames based on normalized importance scores. Experiments on the NTU RGB+D dataset show
that the Top-K Segment Method achieves up to 36% FLOPs reduction with only 0.5% accuracy
drop, outperforming the Learnable Threshold. Qualitative analysis further confirms that Top-
K Segment preserves temporally distributed and semantically rich frames, maintaining motion
continuity and visual interpretability. These results highlight MADS as a flexible and efficient
framework for real-time and resource-constrained video recognition.
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1 Introduction

In recent years, artificial intelligence (Al) has achieved remarkable progress, and correspond-
ingly, video recognition tasks have rapidly advanced. Al-driven video recognition is expected to
have broad applications across various domains such as healthcare, surveillance, and transporta-
tion, offering significant societal benefits. For instance, in healthcare and nursing, Al-based video
recognition can assist in reducing the workload of professionals and provide real-time monitoring
support. Furthermore, analyzing surveillance camera footage can help detect violence or illegal ac-
tivities, thereby enhancing security. As such, Al-based video recognition is becoming increasingly
important across multiple fields. However, deploying Al systems and services in real-world applica-
tions presents several challenges. Specifically, high recognition accuracy, computational efficiency,
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model compactness, and real-time inference are required. To address these challenges, this study
focuses on improving recognition accuracy through multi-modal learning and enhancing computa-
tional efficiency through frame pruning. Enhancing both recognition accuracy and computational
efficiency is critical for enabling reliable and real-time video recognition systems applicable to a
wide range of tasks.

While multi-modal analysis is effective for improving recognition accuracy, it can increase
computational costs due to the larger amount of data. To overcome this issue, this study simultane-
ously performs frame pruning to remove redundant information, aiming to maintain high computa-
tional efficiency while achieving accurate recognition. Specifically, we employ a video vision trans-
former (ViViT) [1] model for multi-modal analysis and select important frames based on a scoring
mechanism to reduce unnecessary frames. This strategy enables the elimination of redundant infor-
mation in static frames or regions with minimal temporal changes, thereby reducing computational
load and improving efficiency in video recognition.

The organization of this paper is as follows:

* Section 2 provides an overview of related research pertinent to this study.

* Sections 3 and 4 describe the proposed method, including frame reduction based on impor-
tance scoring, and the experimental setup.

¢ Section 5 presents the experimental results, evaluation, and discussion.

* Finally, Section 7 concludes this work and outlines future directions.

2 Related Work

2.1 Video Vision Transformer (ViViT)

In this study, we employ the Video Vision Transformer (ViViT) [1] as the backbone for video
recognition. ViViT extends the Vision Transformer (ViT) [2] to handle video data by partitioning
each frame into non-overlapping patches and embedding them as high-dimensional tokens, capturing
both spatial and temporal information.

ViViT processes the token sequence through a hierarchical attention mechanism. Spatial at-
tention is first applied within each frame to extract local spatial features. Subsequently, temporal
attention integrates information across frames, modeling long-range dependencies throughout the
video. This two-stage attention design allows ViViT to efficiently aggregate spatial and temporal
features.

A notable characteristic of ViViT is the presence of many redundant tokens, particularly in
regions with little motion or static backgrounds. Leveraging this property, frame pruning can be
applied to remove less informative frames prior to attention computation, resulting in substantial
reduction of temporal computation. Specifically, if the original video has T frames and only 7, < T
frames are selected, the FLOPs for temporal attention can be roughly reduced as:

T2
FLOPS[emporal ~ Tirz : FLOPSoriginal- (D



Spatial attention is computed independently for each frame, so the reduction in FLOPs is linear:

T,
FLOPSspatial ~ ?r 'FLOPSoriginal- (2)

In this way, ViViT, due to its characteristic redundancy in tokens, allows frame pruning to
significantly improve temporal computation efficiency. This provides substantial advantages for
real-time inference and resource-constrained environments. Moreover, ViViT’s hierarchical atten-
tion mechanism and high-dimensional token embeddings enable it to preserve essential spatial and
temporal information while reducing computational cost, minimizing the impact on recognition ac-
curacy.

2.2 Pruning and Frame Pruning

Pruning is a technique to remove unnecessary components of a neural network, reducing com-
putational cost and memory usage while maintaining performance [3]. Typically, parameters such
as weights or channels are removed based on their contribution or structural importance.

In video recognition, temporal redundancy is common, and frame pruning has been proposed
to remove less informative frames [4]. Frame pruning determines which frames to remove based
on redundancy or relevance of the information contained. Representative conventional approaches
include:

¢ Inter-frame similarity-based methods: For consecutive frames F;, F;; with feature vectors
X¢,X:+1, frame F; 1 is removed if the similarity sim(x;,x,+1) exceeds a threshold € [5]:

Fi11 is pruned if sim(x,,x,41) > €. 3)

* Segmentation-based methods: Frames are removed if the ratio of object pixels \Robject\ to total
pixels |F;| is below a threshold 8, where Ropject 1s the segmented region of humans or objects

[6]:

R .
F, is pruned if er“JeICt <. (4)
t

ViViT, with its high-dimensional token representations and hierarchical attention mechanism,
is particularly suited for frame pruning. Even after removing redundant frames, it can preserve
essential spatial and temporal information, making it effective for efficient video recognition.

2.3 Multi-Modal Analysis

Multi-modal analysis integrates different data types, such as images, text, and audio, to extract
information unavailable from a single modality [7].
Let f,, € R be the feature vector from modality m. Typical fusion strategies include:

fusion = [f1,f2,--..fu| (concatenation), (5)



M M
ffusion = Z Wmfm, Z wpy =1 (Weighted sum). (6)
m=1

m=1

For each modality with T frames, N,, tokens/patches, and embedding dimension d,,, the com-
putation is roughly:
FLOPs,, ~ T - N, -d>. (7

Fusing multiple modalities adds cross-modal attention or fusion cost Cysjon:

M
FLOPSpui ~ Y (T - Ny - dy) + Crusion- (8)

m=1

ViViT splits frames into patches and applies spatial and temporal attention, requiring substan-
tial computation even for a single modality:

FLOPsviyir ~ T -N-d*>+T?-d>. 9)

With multiple modalities, the computation grows roughly as 7> and M?, making real-time or resource-
constrained deployment challenging.

3 Overview of the Proposal

In this work, we propose a Multi-modal Action Density Scoring (MADS) framework, which
incorporates a frame importance selection mechanism into the ViViT model enabling multimodal
analysis as introduced in our previous study [8]. MADS allows for efficient frame pruning in video-
based action recognition.

3.1 Multi-modal Analysis and Attention Control

After extracting spatial features from RGB, Depth, and Skeleton modalities via ViViT (Fig. 1),
we integrate the modalities using an Attention Mask (Fig. 2). Specifically, we allow interaction only
between CLS tokens across modalities to prevent excessive interference while efficiently combining
important information:

X = AttentionMask(CLSrGB , CLSpepth; CLSskeleton ) (10)

This approach preserves modality-specific characteristics while providing a rich multimodal
representation.
3.2 Multi-Modal Action Density Scoring Module
For each modality, we compute a frame importance score from the CLS tokens:
s’f = MLP,,(CLS?),

(11
m € {RGB, Depth, Skeleton}, f € [L,F] )
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Fig. 1. Overview Diagram of Multi-modal Analysis [8].
The final frame score Sy is defined as the sum of the modality-specific scores:
_ m
Sp=Y s} (12)
m

We propose two strategies for frame selection.

3.2.1 Learnable Threshold

We introduce a learnable threshold for frame pruning. For each frame f and modality m, the
importance score s’ is computed, and pruning is controlled based on the distribution of these scores.
First, the mean u and standard deviation ¢ of the scores across frames are calculated as:

13)

Next, the target z value corresponding to the desired pruning rate r is computed using the
inverse cumulative distribution function (CDF) of the standard normal distribution &'

=0 (r), (14)

where z, represents the threshold that removes the top r proportion of frames after standardization
(Fig. 3).
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Fig. 2. Structure of the Attention Mask [8].

The learnable threshold 7 is constrained via a loss function to approach this target z value:
Zin=AT— (L +2z0), (15)

where A is a weighting factor. This design allows the model to automatically learn an optimal
pruning threshold that achieves the desired removal rate for each sample (Fig. 4).

Additionally, passing the scores through a sigmoid function normalizes them to [0, 1], stabi-
lizing gradients. The gradients are computed directly with respect to 7, enabling learnable frame
selection.

Scores Distribution with Optimized Threshold

100 Score Distribution
-—z

Fig. 3. Score Normal Distribution and Target Variable z.

3.2.2 Top-K Segment Method for Fixed Threshold Frame Selection

In the proposed method, we adopt a “Top-K segment” approach for fixed threshold frame
selection, where the video is divided into multiple temporal segments, and the top K frames within
each segment are selected. This ensures that important frames are evenly distributed across the
video, allowing temporal information to be considered in frame pruning.

The procedure is as follows.

1. Fixed Threshold Setting. The mean of all frame importance scores s is used as the threshold:

1 F
6=— 16
F;sf’ (16)
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Fig. 4. Schematic Diagram of the Inverse Function of the Cumulative Distribution Function (CDF) of the
Normal Distribution and Threshold.

where F is the total number of frames. This threshold serves as a reference for normalizing the
scores into a soft mask.
2. Soft Mask Computation. Each frame score sy is converted into a soft mask using the sigmoid
function:

soft_masky = o (s- (sp— 0)), (17

where o is the sigmoid function and s is the slope parameter. This normalizes scores relative to the
threshold, emphasizing the relative importance of frames.

3. Top-K Segment Selection. The video is divided into n temporal segments, and the top K frames
within each segment (based on the soft mask) are selected. This guarantees a uniform distribution of
important frames across the video and allows subtle actions and temporal variations to be considered
in the pruning process.
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Fig. 5. Overview of Top-K Segment Selection.



The Top-K segment method is novel in that it not only selects frames exceeding the thresh-
old but also ensures temporal uniformity. Furthermore, the soft mask emphasizes relative frame
importance, enabling efficient selection of the most informative frames.

4 Experiments

In this experiment, we train the ViViT-Tiny model using the proposed method described in
the previous section and evaluate its performance by comparing recognition accuracy, FLOPs, and
the number of parameters. This experiment validates the effectiveness of multi-modal analysis and
importance-based frame pruning in action recognition using ViViT.

4.1 Dataset

Fig. 6. Example of Dataset.

The dataset used in this experiment consists of NTU RGB+D [9] and NTU RGB+D 120 [10],
which summarize behaviors that occur in human daily life. This dataset is composed of a large
amount of action data including individuals of various ages. Specifically, it contains 114,480 video
samples across 120 different actions. In this study, we will use RGB video, and by generating depth
and skeleton videos through the estimation model, we will utilize three types of videos. We will
select 10 types of actions (standing, sitting, falling, headache, coughing, punching, kicking, lying
down, running, and picking up objects) and split 900 data samples per class into training and testing
sets at a ratio of 7:3.

4.2 Experimental Settings

We summarize the hyperparameters and implementation details used in this study. All models
were trained with input frames of size 224 x 224, and a batch size of 1 was employed due to memory
constraints associated with video data. The Adam optimizer was used with a learning rate of 1 x
107>, and training was conducted for 100 epochs using the cross-entropy loss function. For the
learnable threshold method, the pruning rate was set to 50%. For the Top-K method, the top 50% of
frames within each segment were selected to maintain consistency. All experiments were conducted
under the same environment to ensure fair comparison across different settings.

4.3 Evaluation Metrics

In this experiment, we use accuracy, number of parameters, and computational complexity
(FLOPs) as metrics to evaluate the performance of each model in action recognition. Additionally,



we visualize the remaining frames after pruning to assess which method performs more effective
frame selection.

5 Results

In this study, to verify the effectiveness of the proposed Multi-modal Action Density Scoring
(MADS) as a method for reducing computational cost, a series of experiments were conducted using
two different frame selection strategies. We compared the performance of ViViT models of various
sizes when applying frame pruning based on the two proposed frame selection methods, evaluating
them in terms of accuracy, number of parameters, and computational complexity (FLOPs).

5.1 Quantitative Results

Table 1 summarizes the quantitative results of the proposed methods applied to different ViViT
model sizes. We compare three configurations: the baseline ViViT without pruning, the Learnable
Threshold method, and the proposed Top-K Segment Method. The pruning rate was set between
20-36%, and evaluation was performed using accuracy, number of parameters, and FLOPs.

From the results, it can be observed that the Top-K Segment Method achieves a significant
reduction in FLOPs (up to 36%) while maintaining almost the same accuracy as the baseline model.
In particular, the accuracy drop remained within only 0.5% across all model sizes, demonstrating
that this method preserves critical temporal information during pruning.

Table 1: Comparison of ViViT models with different frame selection methods. FLOPs are adjusted according
to the specified change percentages. Accuracy shows relative drop (%).

Model Size  Method Pruning Rate (%) Accuracy (%) Params (M) FLOPs(G) Changein FLOPs (%)
Baseline - 77.02 7.26 86.42 -
ViViT-Tiny ~ Learnable Threshold 20 74.75 (—2.95%) 7.26 70.61 (—18.3%)
Top-K Segment 24 77.01 (—0.01%) 7.26 65.68 (—24.0%)
Baseline - 83.75 23.56 209.21 -
ViViT-Small Learnable Threshold 25 81.10 (—3.16%) 23.56 162.14 (—22.5%)
Top-K Segment 31 83.54 (—0.25%) 23.56 144.35 (—31.0%)
Baseline - 90.69 89.21 520.67 -
ViViT-Base = Learnable Threshold 30 88.98 (—1.89%) 89.21 374.36 (—28.1%)
Top-K Segment 36 90.22 (—0.52%) 89.21 333.23 (—36.0%)

On the other hand, the Learnable Threshold method exhibits a larger degradation in recognition
accuracy (up to —3.2%), despite similar levels of computational reduction. This indicates that the
learned threshold may not effectively capture the temporal distribution of important frames, leading
to biased selection and reduced representational quality.

Overall, these quantitative results confirm that the Top-K Segment approach achieves a better
balance between accuracy and efficiency compared to the Learnable Threshold method.



5.2 Qualitative Results

To further analyze the behavior of each frame selection method, we visualize the remaining
frames after pruning and their corresponding frame importance heatmaps, as shown in Fig. 7.

Learnable Threshold Top-K Segment

r'r'r—fr—'r—lr—'r—'r—fr—"—l '—"—'r—'r—rr—'r—-r—'r—'r—f’—'

Fig. 7. Comparison Diagram Using Two Methods.

In the case of the Learnable Threshold method, the selected frames were biased toward the
beginning and end of the video sequence, with most intermediate frames being discarded. This
indicates that the learned threshold tended to overfit to temporal boundary cues, leading to a loss of
meaningful motion continuity and degraded recognition performance.

In contrast, the Top-K Segment method retained frames more evenly across the entire video
sequence. The corresponding heatmaps show that important regions were distributed throughout the
video, covering diverse motion phases and interaction events without strong temporal bias. This
balanced selection demonstrates that Top-K Segment effectively captures temporally salient infor-
mation while preserving representational diversity, contributing to both high recognition accuracy
and improved computational efficiency (Fig. 8).

Learnable Threshold Top-K Segment

Fig. 8. Heatmap Comparison Diagram.

Overall, these qualitative observations confirm that the proposed Top-K Segment method pro-
vides a more stable and interpretable pruning behavior compared to the Learnable Threshold ap-
proach.



6 Discussion

The experimental results demonstrate that the proposed Multi-modal Action Density Scoring
(MADS) framework effectively reduces computational cost while maintaining recognition accuracy
across ViViT models of different sizes. In particular, the Top-K Segment Method achieved signifi-
cant FLOPs reduction (up to 36%) with almost no accuracy degradation (less than 0.5%), whereas
the Learnable Threshold Method exhibited larger accuracy drops of up to 3%.

This difference can be attributed to the underlying frame selection mechanism. The Learn-
able Threshold method tends to select only temporally concentrated regions—often the beginning
or the end of a video—resulting in a loss of temporal diversity. In contrast, the Top-K Segment
method divides a video into temporal segments and selects the most informative frames from each
segment. This allows for a more uniform temporal coverage, ensuring that key motion cues are
retained throughout the sequence.

Qualitative analysis, supported by visualizations of the retained frames and importance heatmaps,
further confirms this behavior. The Learnable Threshold method retains frames mainly concentrated
in specific regions, while the Top-K Segment method distributes selected frames more evenly, cap-
turing motion transitions and maintaining contextual continuity. These findings highlight that con-
sidering temporal segmentation is crucial for robust and efficient frame pruning in video recognition.

7 Conclusion

In this study, we presented a novel temporal frame selection framework for ViViT-based ac-
tion recognition leveraging Multi-modal Action Density Scoring (MADS). To address computa-
tional bottlenecks in high-dimensional video data, we introduced and evaluated two mechanisms:
the Learnable Threshold and the Top-K Segment Method. Our investigation focused on balancing
model efficiency and predictive performance in real-world applications.

Experimental results demonstrated that the Top-K Segment Method significantly outperforms
the Learnable Threshold in both stability and efficiency. Specifically, the Top-K method achieved a
substantial 36% reduction in FLOPs while keeping accuracy degradation within 0.5% of the base-
line. In contrast, the Learnable Threshold suffered a more pronounced accuracy drop of up to 3%,
likely due to its tendency to overlook intermediate temporal features.

Qualitative analysis via importance heatmaps validated that the Top-K Segment approach en-
sures a more uniform and representative sampling of frames. By preserving the continuity of motion
and interaction events, this method maintains the representational integrity of Video Vision Trans-
formers, confirming that structured temporal segmentation is essential for robust frame pruning.

Future work will extend the MADS framework toward adaptive multi-modal fusion, dynami-
cally adjusting to modalities like audio or optical flow. We also plan to explore token-level merging
to further optimize models for resource-constrained edge devices. Ultimately, this research provides
a scalable foundation for efficient, high-performance large-scale video understanding.
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