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Action Recognition aims to understand human behavior and predict a label for each action. Recently, Vision
Transformer (ViT) has achieved remarkable performance on action recognition, which models the long
sequences token over spatial and temporal index in a video. The fully-connected self-attention layer is the
fundamental key in the vanilla Transformer. However, the redundant architecture of the vision Transformer
model ignores the locality of video frame patches, which involves non-informative tokens and potentially leads
to increased computational complexity. To solve this problem, we propose a k-NN attention-based Video Vision
Transformer (k-ViViT) network for action recognition. We adopt k-NN attention to Video Vision Transformer
(ViViT) instead of original self-attention, which can optimize the training process and neglect the irrelevant or
noisy tokens in the input sequence. We conduct experiments on the UCF101 and HMDB51 datasets to verify
the effectiveness of our model. The experimental results illustrate that the proposed k-ViViT achieves superior

accuracy compared to several state-of-the-art models on these action recognition datasets.

1. Introduction

Action recognition is a prevalent research task in computer vision,
which aims to classify an action in a video and develops many real-
world applications [1] such as virtual reality (VR), video retrieval,
intelligent surveillance, and smart healthcare [2-6]. Many approaches
based on convolutional neural networks (CNNs) for action recognition
have been proposed in the last decades [7-9].

In recent years, Transformer [10] has been developed as a type of
deep neural network that mainly depends on the self-attention mecha-
nism. Inspired by the achievement of Transformer on natural language
processing (NLP) [11,12], researchers are driving Transformer as a
fresh paradigm shift in computer vision. Later, Dosovitskiy et al. [13]
utilized the Transformer network in computer vision with the intro-
duction of the Vision Transformer (ViT) model. ViT was proposed
for image classification, which divided an image into multiple non-
overlapping patches and then embedded the patches using a sequence
of linear projection layers. The embedded patches were the input of the
Transformer encoder.

Transformer based models [14-16] for action recognition resembled
the patch embeddings of ViT, the individual video frame can be split
into small patches and then tokenized. For example, Arnab et al. [17]
proposed a Transformer-based model named the Video Vision Trans-
former (ViViT), an extension of the ViT model tailored action recogni-
tion, which was processing a regularized set of spatio-temporal tubelets
from the input videos. Touvron et al. [18] introduced a convolution-
free Transformer called DeiT for action recognition, which adopted
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a teacher—student strategy to Transformer and used the distillation
tokens to reproduce the label. DeiT model split an image into several
patches, and the positional embedding was utilized to the input to-
kens of the Transformer encoder. Ma et al. [14] introduced a relative
positional embedding based spatially and temporally decoupled Trans-
former model for action recognition, which could mitigate the compu-
tational complexity associated with absolute positional embedding and
the intertwined learning of spatial-temporal features in patches from
input videos. Taking inspiration from this, we construct our model in
a spatially and temporally decoupled manner.

It occurs to us that all the aforementioned works [17,19] share a
commonality in their utilization of vanilla Transformers, which entails
the use of self-attention. However, when Multi-Headed Self-Attention
(MSA) modeling pairwise interaction, there has been a quadratic com-
plexity according to the number of tokens. The complexity ratio is re-
lated to the augmentation of the input frames. Moreover, the redundant
architecture of the vision Transformer model ignores the locality of
video frame patches, which involve noisy and non-informative tokens.

We address the issues mentioned above by incorporating k-NN
attention [20] into the video Transformer models by selecting top-k
similar tokens from the input frames to alleviate the complexity of the
attention mechanism. The k-NN attention mechanism extends the local
bias of CNNs when the neighboring tokens have a similar tendency
while establishing long-range dependencies by picking up the most
relevant tokens. Consequently, this approach accelerates the training
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process while effectively distilling noisy and non-informative tokens
within videos.

In this paper, we refer to this spatial and temporal factorized model,
which utilizes k-NN attention, as Dk-ViViT. We have also conducted a
comparison between Dk-ViViT and Uk-ViViT, where the latter solely
employs k-NN attention without spatial-temporal decoupling.

To the best of our knowledge, we are pioneers in applying k-NN-
based attention to the ViViT model, both in terms of development and
efficiency analysis of k-NN attention for video-based action recognition.
Instead of using the traditional self-attention mechanism, we adopt -
NN attention to the vision Transformer encoder to neglect the noisy
tokens and increase the speed of training in Transformer. We conduct
experiments on the UCF101 [21] and HMDB51 [22] datasets to verify
the effectiveness of our model. The extensive experiments on two popu-
lar benchmarks (i.e., UCF101, HMDB51) demonstrate that the proposed
k-ViViT achieves higher accuracy and performs better than the several
state-of-the-art models both qualitatively and quantitatively.

The rest of this paper is structured as follows. In Section 2, we
review the related action recognition models and vision Transformer
models. Then, we present our k-ViViT action recognition models in
Section 3. Section 4 shows the experiment details of our k-ViViT
models. Finally, we conclude this paper in Section 5.

2. Related works
2.1. Action recognition

Action recognition typically models the 2D or 3D [23-26] convo-
lution layers on spatio-temporal data. Before Transformer showed its
power in computer vision, CNNs were broadly used to classify complex
images on high-dimensional datasets such as ImageNet [27]. Early
action recognition models [28,29] started with hand-crafted features
to identify the motion information. Since CNNs emerged as the su-
perior recognition method, more and more extension models [30,31]
were refined in action recognition. AlexNet [32] is the most outstand-
ing achievement that began the 2D image convolutional networks
in video datasets [33-35]. Ma et al. [15] proposed a convolutional
transformer network (CTN) for fine-grained action recognition, which
utilized 3D convolutions from raw input video clips for extracting
the low-level spatial-temporal features. Liu et al. [33] proposed a
multi-label learning network under infrared imaging for human fa-
cial expression recognition, which learned the expression multi-label
through the Cauchy distribution function. Later, Liu et al. [8] proposed
a human pose estimation model, which utilized joint direction cues
and gaussian coordinate encoding to achieve accurate and flexible
performance on different scenarios for infrared images. Meanwhile,
Zhang et al. [34] proposed a CNN-based end-to-end learning model
for facial expression recognition tasks, which learned the correlation
emotion label distribution and associated multiple emotions with facial
expressions based on their similarities.

Subsequently, the de-facto choices for action recognition backbones
were CNNs [36,37] and RNNs [38]. With the introduction of large
datasets like Kinetics [39], 3D CNNs [10,40] tended to be the pre-
dominant direction in computer vision, which led to an increase in the
number of parameters. multi-cue based four-stream 3D ResNets (MF3D)
model was proposed by Wang et al. [23] for action recognition, which
consisted of four streams to extract more effective spatio-temporal fea-
tures. Three connections were injected between these four streams and
transferred different cues in the model. Later, Liu et al. [41] proposed a
spatial-temporal interaction learning two-stream (STILT) model for ac-
tion recognition, which developed a spatial-temporal learning module
using an alternating co-attention mechanism to learn the interrelation
between spatial features and temporal features in videos. Ma et al. [25]
introduced a multi-stage factorized spatio-temporal model for RGB-D
action recognition, which included a 3D central difference convolution
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stem module and multiple factorized spatio-temporal stages to cap-
ture the fine-grained motions from diverse modality. Zong et al. [42]
proposed a spatial and temporal saliency-based four-stream model for
action recognition, which adopted the multi-task learning-based LSTM
to obtain long-term dependency correlation. Lu et al. [43] proposed
a frequency-domain model for compressed action recognition, which
utilized a frequency-domain partial decompression method to extract
the salient spatial and motion features efficiently from the frequency-
domain data. The spatial-to-frequency domain student-teacher net-
work was achieved to reduce the computational cost with acceptable
accuracy.

Inspired by the advancements of Transformers in natural language
processing [44], action recognition models whether based on a com-
bination of CNNs and Transformers or purely Transformer models
gradually gained popularity. Transformers have been proven to be
effective in addressing the challenge of capturing long-range depen-
dencies in both spatial and temporal dimensions. Therefore, in this
paper, we have adopted the Vision Transformer (ViT) model [13] as
our baseline model.

2.2. Vision transformer

Transformer is a novel deep neural network primarily based on the
self-attention mechanism and is used in NLP. Transformer consisted
of encoder and decoder layers. The encoder was composed of several
self-attention blocks and a feed-forward layer. The decoder had a
similar architecture to the encoder except for an extra encoder—decoder
attention mechanism. The residual connections were used at each layer,
followed by layer normalization. According to the strong representa-
tion capabilities and promising prospects, numerous studies [45,46]
employed Transformer for computer vision. ViT was first proposed
by Dosovitskiy et al. [13], which applied a pure-Transformer to the
sequences of split image patches.

There are a lot of models integrated Transformer with convolu-
tion. For example, Girdhar et al. [47] proposed a convolution-based
Transformer model for human action recognition, aggregating features
extracted from the relevant regions of the object. Liu et al. [48]
proposed an inductive bias of the locality model in video Transformer
for action recognition, which computed self-attention globally with
spatial-temporal factorization. Another representative CNN-enhanced
Transformer-based action recognition model is [45]. Spatio-temporal
attention network (STAN) introduced inductive bias vias convolution
to achieve computational efficiency. The model extended two-stream
Transformer model to learn temporal dependencies for classifying long
videos. The model replaced the tokenization method with spatial and
temporal information extracted by pre-trained CNNs.

Although most CNN-based models can be integrated into any design
and extend their strength, they still suffer in dealing with positional
and temporal information in videos. Pure-Transformer model abolished
convolution-integrated architecture and was applied to the issue of
positional and temporal information. For example, TimeSformer [49]
was proposed for action recognition, which allowed spatio-temporal
features to be learned from a sequence of frame-level patches. TimeS-
former was a convolution-free model built on specific self-attention
in space and time dimensions and developed a “divided attention”
to separate spatial and temporal attention in each Transformer block.
Without using 3D convolution layers in the vision Transformer mod-
els, Sharir et al. [50] proposed a global attention temporal Trans-
former model for action recognition, subsampled from spatial and
temporal input, then training to learn spatial and temporal represen-
tation from the fraction of input video frames. The model reduced
the computational and maintained the accuracy when reviewing a
small number of video frames instead of learning the entire video.
Arnab et al. [17] developed several variant models to factorize spatial-
and temporal-dimensions in the Transformer encoders, such as factor-
ized encoder, factorized self-attention, and factorized dot-Product. The
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result of the paper showed that several datasets performed well on
unfactorised models. Yan et al. [19] proposed Multiview Transformers
for Video Recognition (MTV), which split the encoders for diverse video
views and used the lateral connections for information fusion. MTV
used multi-head self-attention on the tokens that capture the temporal
features.

However, the redundant architecture of ViT ignores the locality of
video frame patches, which involves non-informative and noisy tokens
and is inefficient during the training procedure. To solve the problems
mentioned above, we propose a pure-Transformer model based on the
ViViT model for action recognition. The model uses k-NN attention to
select the top-k similar tokens and filter out the noisy tokens in the
computation of self-attention, further reducing overfitting in relatively
small datasets.

3. k-NN Video Vision Transformers

We begin by introducing the ViT model and then extend our dis-
cussion to ViViT in Section 3.1. ViViT serves as the foundational
architecture for our model. Then k-NN attention will be discussed in
Section 3.2, which differs from vanilla self-attention in ViviT. Finally,
we present our proposed k-NN attention-based Transformer model for
action recognition in Section 3.3.

3.1. Originations: ViT and ViViT

ViT converts the Transformer model from NLP to classify 2D images.
Especially, ViT splits up an image, x;, € R"X®X¢ into N non-
overlapping image patches, x, € R"* (P <) | ¢ is the number of
channels, h x w is the resolution of the initial image, p? is the resolution
of the partition image patch. The patches are then linearly projected
and rasterized into 1D tokens z; € R?. This tokenization will be

forwarded through the following Transformer encoder:
z = [zgp Ey L Ey, o E T+ 1, (€Y

where the linear projection E can be seen as a 2D convolution. All
the tokens are concatenated to form a sequence with z,,, which is
prepended as a learned token [51] at the final layer of the encoder
serves. Furthermore, p € RN *? refers to a learned positional
embedding, which is also added to the token to preserve the position
information.

The differential between ViT and ViViT occurs from embedding
video clips. The extension of ViT’s embedding to video is ViViT, which
extracts a non-overlapping spatio-temporal “tubelet” from the input
video and performs a linear projection. Compared to uniformly sample
n, frames from the video, tubelet embedding dimension t x 7 X w,

T

n, = [7] n, = [%] and n, =

[%], the tokens gain from
the temporal, height, and width dimensions separately. Then a total
of n, - n, -n, tokens will be passed through into the Transformer
encoder. In other words, the tubelet embedding may be considered as
constructing 3D blocks, the spatio-temporal information is fused during
tokenization, as shown in the left side of Fig. 1. Multi-Headed Self-
Attention(MSA) is included in the transformed embedding of vanilla
ViT and ViViT models after layer normalization(LN) blocks. Multilayer
perceptron (MLP) blocks are also requested in the Transformer encoder
after LN blocks and consist of two linear projections separated by
a GELU non-linearity [52]. The MSA blocks and MLP blocks are as
follows:

¥ = MSA(LN (2)) + 2, @)

2t = MLP (LN (y)) + ¥, (3)

where ¢ denotes each layer in L Transformer encoders.
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3.2. Vanilla self-attention and k-NN attention

As the embedding tokens pass through in the Transformer encoder,
MSA [10] and LN [53] process the tokens in L times, as shown on
the right side of Fig. 1. The residual connections are performed after
self-attention blocks. The vanilla attention is dot product attention in
Transformer. The attention matrix A is computed based on the pairwise
similarity between two elements of the sequence and their query Q and
key K representations [13], which is defined as:

A = softmax <QKT/\/Z) 4

As shown in Eq. (4), @ € R"*¢ represents the queries and
K € R"*4 denominate the keys, the d denotes the dimension. The
new value V is calculated by multiplying the value V with the attention
matrix A, as shown below:

V = AV. 6))

Intuitively, Eq. (5) denotes that the weighted average over the old
value, the attention matrix defines the weights in the Transformer.
According to the knowledge of vanilla Transformer, the O, K and V
are computed by the linear projection of the input token X:

0 = XWy, K = XWg, V = XW,, (6)

where W, Wy, W), are learnable weights. The ViViT model achieves
success for video action recognition for now. However, the drawback
of vanilla self-attention rejects a certain efficiency and accuracy when
calculating irrelevant and noisy tokens, even though smaller weights
are distributed for the digressive tokens. Fully-connected self-attention
takes every token to compute the attention map, including the noisy
tokens about cluttered backgrounds and occlusion situations. The issue
led to a protracted training process.

The k-NN attention was developed to select the top-k most re-
lated keys and values for every query within the self-attention mech-
anism [20]. Initially, two versions of k-NN attention were introduced:
the slow version and the fast version. In the initial method, Euclidean
distance was used to calculate the top-k most related keys and values
for each query. However, the computational speed is particularly slow
due to the requirement to calculate distances between different keys.
According to [20], the fast version of k-NN attention leverages the
advantage of matrix multiplication operations. It has been empirically
validated for its effectiveness across eleven different vision Transformer
models. Wang et al. [20] provided empirical evidence showcasing that
the proposed k-NN attention mechanism enhanced the classification
performance by 0.8% for global and local vision Transformers. There-
fore, in this paper, we exclusively discuss the fast version of k-NN
attention. The detail of the fast version for k-NN is to select row-wise
top-k elements, 7,(-), in softmax computing, which is shown below:

vk = softmax <Tk (QKT/\/E>) -V, )

[Te(AYl, = {Aij A;; € top— k(row j)

. (8)
—oo  otherwise.

Our proposed model marks the initial achievement of excellent per-
formance in the Video Vision Transformer model using k-NN attention
mechanism. The original MSA mechanism in the ViViT model calcu-
lates all the tokens embedded by the linearly enhanced input frames.
The computational of MSA becomes quadratic complexity. Meanwhile,
there are some redundancy input frames in the video datasets, such
as cluttered backgrounds, irrelated objects, and input frames in which
no action occurs. Thus, we adopt k-NN attention to replace the fully-
connected attention in the ViViT model for the first time. According
to the details of k-NN attention, we find that k-NN attention collects
the top-k similar tokens from the sequence to calculate through the
attention map instead of using all the input tokens. Our model is robust
in increasing training speed and mitigating the influence of noise from
input tokens.
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Fig. 1. The framework of the proposed k-NN attention-based pure-Transformer model for action recognition, named Undecomposed k-NN Video Transformer (Uk-ViViT).

3.3. k-NN attention-based Video Vision Transformer

As shown in Fig. 1, we propose a k-NN attention-based pure-
Transformer model for action recognition. Our model is inspired by
ViViT to extend the spatio-temporal Transformer attention more ef-
ficiently. The attention mechanism is also used on the decomposed
encoder, as shown in Fig. 2, which enhances network training speed
and reduces the noise tokens in videos for action recognition.

3.3.1. Pre-trained models

As shown in Fig. 1, we propose an efficient video vision Transformer
for action recognition. According to the massive success of the two
datasets in CNN models, we start with data augmentation of the small
video dataset, which will be presented in Section 4.

Meanwhile, we initialize the pure-Transformer model from the pre-
trained image model for the small video datasets. The dimension of
image position embedding is n,, - n, x d in the ViT model. However,
ViT model is different from our video model with three dimensions, our
models have #, times more tokens than original ViT model. Thus, the
position embedding is initialized from R * " X ¢ to R - X d
which provides the same spatial index with the same embedding.
According to the 3D tensor in our model, we propose using “central
frame initialisation” [17] to initialize the embedding weight with zeros
for all temporal positions, except at the center,

ny -

E

[0,..., E ,0 1. ©

image» ***

Therefore, the model learns temporal information from previous video
frames.

3.3.2. Undecomposed k-NN Video Vision Transformer (Uk-ViViT)

We also propose a k-NN attention-based Transformer model, which
extends from the first undecomposed model of [17]. We use tubelets
embedding to embed the input frames to tokens, which include tempo-
ral, height, and width dimensions, then feed into the Transformer en-
coder. All pairwise interaction is modeled between all spatio-temporal
tokens in each Transformer layer so that the undecomposed video
Transformer models the long-range interaction through video.

In addition, the fast version of k-NN attention is added after LN
blocks in each Transformer layer. Our model selects the row-wise top-k
elements for softmax computing to reduce the noisy tokens and speed
up the training process. The mechanism only considers the top-k most
similar patches, which means choosing a proper k value with high
similarity of patches is significant. Though the fully-connected self-
attention has the ability to capture long-range dependency in ViViT, the

defect is mixing the irrelevant patches during the dot-product attention,
which makes a slow training process. Therefore, the proposed Uk-ViViT
model influences the convergence speed of the vital visual patches
relevant to the target class.

3.3.3. Decomposed k-NN encoder (Dk-ViViT)

This model comprises two Transformer encoders, which are de-
composed into the spatial encoder and the temporal encoder. Firstly,
the tokens extracted from the same temporal index input the spatial
encoder, as shown in Fig. 2. The dot product attention is replaced by k-
NN attention in the spatial encoder, which only models the interaction
among tokens derived from identical temporal indices. Then, each tem-
poral index representation, 4; € R, is provided after L, spatial layer.
z,;: is the prepend of the cl/s token to the input of the temporal encoder.
The frame-level representations, h;, are concatenated into H € R" X ¢,
then pass through k-NN attention after layer normalization. The tempo-
ral encoder consists of k-NN attention and MLP in L, Transformer layers
to model interaction between tokens in different temporal indices.
Then, the output is classified at the end of our model. Though the
Dk-ViViT model could have more Transformer layers than Uk-ViViT,
Dk-ViViT achieves fewer floating point operations and reduces the
mix of irrelevant image patches by adding k-NN attention mechanism,
e.g., the background information or the other objects excluded the main
objects.

4. Experimental setup
4.1. Data augmentation

We adopt the random crop, flip, and color jitter as the data aug-
mentation strategy to increase the number of training samples. Random
crops can especially enhance the accuracy and stability of models. We
adopt Mixup [54] as the optimization, which is a learning principle to
relieve the problem of large memorizing corrupt labels. Our augmen-
tation strategy consists of random crop, flip, color jitter, and other reg-
ularizations, such as Kinetics-400 initialisation, stochastic depth [55],
random augment [56], label smoothing [57], and Mixup [54], to
enhance the robustness and accuracy of Transformer in small video
datasets.

4.2. Model configuration and training

Our backbone network follows ViViT, and the pre-trained modal is
the same as ViT. We set L = 12 as the number of Transformer layers
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Fig. 2. The proposed decomposed k-NN encoder (Dk-ViViT), which is separated into two Transformer encoders: spatial Transformer encoder and temporal Transformer encoder.

in Uk-ViViT, L, = 8 as the number of spatial Transformer layers in
Dk-ViViT, and L, = 4 as the number of temporal Transformer layers in
Dk-ViViT. The batch size is 8 through 160 epochs. The number of input
frames is 8 with the frame interval of 32. We also use the same naming
scheme for these models (e.g., k-ViViT/16 x 2 denotes that ViViT is
the backbone and the tubelet size is h X w Xt = 16 X 16 X 2). Note
that the height and width are equal in tubelet. Thus, the small tubelet
size will contain more tokens, further increasing the computation. k is
the only extremely significant parameter in k-NN attention, the general
rule of k value is that assign k to around = at each scale stage for simple
token generation methods. The complicated token generation methods
will use %n or ‘5—‘n at each scale stage, n denotes the total number of
tokens. We use synchronous SGD with a momentum of 0.9, and a cosine
learning rate schedule with linear warm-up during the fine-tuning is
based on [17] for 160 epochs. Unfortunately, due to limitations in GPU
memory and processing capacity, we were unable to conduct testing of
our model on the Kinetics dataset [39]. Nevertheless, it is important
to note that our model has demonstrated outstanding performance on
two well-known action recognition datasets. These datasets encompass
a wide range of actions, including human-human interactions and
human-object interactions.

4.2.1. Datasets

We use two public action recognition datasets to evaluate our
model, UCF101 [21] and HMDB51 [22].

UCF101 [21] is an action recognition dataset containing 13,320
realistic action videos from YouTube and is assigned to 101 classes,
over 13k clips, and 27 h of video. It includes diverse actions boasting
massive variations in camera movement [58], object details, and dif-
ferent environments. The dataset is briefly divided into five categories,
and some clips from the same video are shown. The training dataset
contains approximately 9.4k videos, and the testing dataset has around
3.7k action videos.

HMDB51 [22] consists of 6.8k action videos and 51 action classes,
primarily collected from movies and YouTube. The split methods are
similar to the UCF101 datasets. HMDB51 has split the datasets into
training, testing, and validating datasets. We adopt the average accu-
racy from the three splits as the final accuracy for the action recognition
in the experiments.

4.3. Ablation study

4.3.1. Input tokenization

We consider the efficiency of different input encoding methods
using Uk-ViViT on HMDB51. When the frame interval is 32, we sample
8 frames and set the tubelets of length + = 4. We propose our model
on different input encoding methods. As Table 1 shows that “central

Table 1
Comparison of an input encoding method using Uk-ViViT model on HMDB51.

Encoding methods Top-1 accuracy(%)

Uniform frame sampling 78.5

Filter inflation 79.3

Central frame initialization 80.2
Table 2

The top-1 accuracy tendency to vary the number of tokens on HMDB51.
Uk-ViViT (Top-1 Acc%) Dk-ViViT (Top-1 Acc%)

Tubelets size

16 x 8 66.7 69.4
16 x 4 73.1 75.2
16 x 2 80.2 82.5

frame initialisation” gets the best performance than “uniform frame
sampling” and “filter inflation” [40]. The method “uniform frame
sampling” is provided by ViT, which samples the frame and embeds
the 2D frame independently. However, “central frame initialisation”
considers the 3D convolutional filters to extract tubelets from input
videos for action recognition. Therefore, we consider using “central
frame initialisation” encoding method for all the experiments.

4.3.2. Varying the k value of k-NN attention

We first process the result of the accuracy in the different numbers
of tokens for the temporal dimension in Table 2. We notice that using
smaller tubelet sizes has higher accuracy through all our models.

According to the state-of-the-art results in ViViT, they consistently
use a spatial resolution of 224. Thus, we input the resolution of 224 x
224 in our model. Then we adopt the appropriate number of tokens and
testify the value of k. Intuitively, we compare the accuracy of Uk-ViViT
by using different & values, g %n or %n denote the computational k
value on HMDB51 and UCF101. We consider using Uk-ViViT/16x2 and
Dk-ViViT/16x2 as the input of Transformer encoder, the comparison
is shown in Table 3. In addition, the value of k is the same between
the spatial encoder and temporal encoder for the Dk-ViViT model. We
compare our proposed model in the same scale stages of kK on HMDB51
and UCF101.

According to the results from Section 3, we notice that k value
between 2n and %n do not show significant different. However, the

3
accuracy gap between g and %n is large.

4.3.3. Model variants

We consider our proposed model variants across UCF101 and
HMDB51, both in efficiency and accuracy, in Table 4. We use ViViT
as the backbone and tubelet size of 16 x 2 in all the models shown
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Training and validation accuracy on HMDB51 dataset through Uk-ViViT Training and validation accuracy on HMDB51 dataset through Dk-ViViT
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Fig. 3. The training and validation accuracy on HMDB51 through Uk-ViViT (left) and Dk-ViViT(right).
Table 3 Table 5
The effect of different k values through the Uk-ViViT model and Dk-ViViT model on Comparison of k-NN attention in spatial and temporal domains using Top-1 accuracy.
HMDB51 and UCF101. Models variants UCF101 HMDB51
k value HMDB51 UCF101 DK-ViViT-§ 93.1 81.9
Uk-ViViT Dk-ViViT Uk-ViViT Dk-ViViT Dk-ViViT-T 92.3 80.7
(Top-1 Acc%) (Top-1 Acc%) (Top-1 Acc%) (Top-1 Acc%) Dk-ViViT 94.2 82.5
g 79.3 80.4 87.2 90.3
2n 80.2 82.5 90.6 94.2
in 80.0 81.0 88.4 91.5 4.3.4. Effectiveness in spatial and temporal domain
We have conducted additional ablation studies to evaluate the
Table 4 effectiveness of the k-NN attention mechanism in both spatial and
able

Comparison of model architectures based on ViViT, the tubelet size of 16 x 2. We
report Top-1 accuracy and the number of parameters for different models and compare
them between the backbone ViViT model and the variant model.

Models k-NN UCF101 HMDB51 Params (x10°)
ViViT - model 1 [17] X 76.2 73.2 89.9
Uk-ViViT v 90.6 80.2 110.6

ViViT - model 2 [17] X 78.7 75.0 99.8
Dk-ViviT v 94.2 82.5 123.3

in Table 4. The number of Transformer layers to be set in the original
ViViT (spatio-temporal) model is the same as Uk-ViViT, which is set
to 12. Meanwhile, we set the number of spatial Transformer layers to
8 in factorized encoder model. In addition, the number of temporal
Transformers is set to 4 in Factorized encoder and Decomposed k-NN
encoder. One notable disadvantage is that the input frame patches in-
herently include non-informational tokens and extraneous information,
potentially causing misinterpretation in action recognition. Therefore,
we proposed k-NN-based attention spatial and temporal factorized
model to select the most relevant tokens from the entire frame, which
can speed up the training process and improve the accuracy of action
inference. According to the result in Table 4, the Decomposed k-NN
encoder performs the best on UCF101 and HMDB51. We compare the
result of Top-1 accuracy between ViViT (model 1, model 2) [17],
Uk-ViViT, and Dk-ViVIT on UCF101 and HMDB51. The experimental
results demonstrate the effectiveness of k-NN attention on Dk-ViViT for
action recognition. As shown in Table 4, our proposed model improves
7.5% and 15.4% on HMDB51 and UCF101 for decomposing the spatial
encoder and the temporal encoder, respectively. This demonstrates that
the k-NN attention mechanism can further improve the accuracy based
on ViViT model even with dropping the irrelevant tokens.

According to the shape of Fig. 3, we find that our proposed models
have a fast convergence rate on both training and validation over the
HMDB51 dataset, Fig. 3 (left) also illustrates the training loss of Uk-
ViViT model increase following the number of epochs. Dk-ViViT model
has a similar loss value when the model processes half epochs in Fig. 3
(right). To sum up, Dk-ViViT model outperforms the initial ViViT model
and Uk-ViViT model on HMDB51 and UCF101.

temporal domains by applying it separately to the spatial and temporal
encoders of Dk-ViViT. We have detailed the configuration and results in
Table 5. Specifically, Dk-ViViT-S refers to the utilization of k-NN atten-
tion exclusively in spatial encoders, with temporal encoders retaining
self-attention. On the other hand, Dk-ViViT-T denotes the use of k-NN
attention exclusively in temporal encoders, while spatial encoders con-
tinue to employ self-attention. Dk-ViViT represents the implementation
of k-NN attention in both spatial and temporal domains. As shown in
Table 5, Dk-ViViT has achieved the highest classification score among
all four configurations, indicating the effectiveness of k-NN in both
spatial and temporal domains. We believe that in the spatial domain,
k-NN can effectively filter out noisy and non-informative tokenized
patches, while in the temporal domain, it excels at selecting the most
action-relevant frames. Therefore, in our final configuration of Dk-
ViViT, we have applied k-NN attention to both the spatial and temporal
encoders.

4.4. Comparison to state-of-the-art

We compare the performance of several state-of-the-art models for
action recognition on UCF101 and HMDB51, as shown in Table 6.
The comparison is listed based on three aspects: the type of backbone,
the year of publishing, and the accuracy of Top-1. The comparison
methods include models built on CNNs and models constructed on
pure-Transformer.

We initially employ the pre-trained models and subsequently fine-
tune the weight parameters on the HMDB51 and UCF101 datasets.
While it is worth noting that our models outperform several pure-
Transformer models on HMDB51 and UCF101 datasets. According to
Table 6, we compared our model with the state-of-the-art model which
was released in 2023. The TTSN model [66] only employed a temporal
transformer encoder and used ResNet-50 as a hybrid backbone of the
model, which achieved relatively higher accuracy on UCF101. How-
ever, the performance on the HMDB51 dataset is not as remarkable,
and we attribute this to the insufficiency of the spatial feature learning
of the model.
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Table 6
Comparisons to the state-of-the-art through multiple methods on UCF101 and HMDB51
for action recognition.

Method Backbone Year HMDB51 UCF101
(Top-1 Acc%) (Top-1 Acc%)
Two stream [59] CNN 2014 59.4 88.0
C3D [60] CNN 2015 - 85.2
L?STM [61] CNN 2017  66.2 93.6
T3D+TSN [62] CNN 2017 635 93.2
VideoLSTM [63] CNN 2018  56.4 89.2
13D [40] CNN 2018  66.4 93.4
STS [64] CNN 2020 62.4 90.1
SVT [16] Transformer 2022 67.2 93.7
SCT-L [65] Transformer 2022 84.6 98.7
TTSN [66] CNN+Transformer 2023 80.2 96.8
Uk-ViViT (ours) Transformer - 80.2 90.6
Dk-ViViT (ours) Transformer - 82.5 94.2

SCT-L [65] achieved the highest accuracy on HMDB51 and UCF101
attributed to its pre-training on Kinetic-400 before fine-tuning on
HMDB51 and UCF101. This highlights the significance of initializing
the model with a large-scale training set, a practice that significantly
enhances the capabilities of the Transformer model. In summary, the
existing results prove the effectiveness of our proposed k-ViViT model
for action recognition. Our proposed Dk-ViViT model obtains 82.5%
accuracy on HMDB51, which surpasses the I3D model by 16.1%,
surpasses the STS model by 20.1%, surpasses the SVT model by 15.3%,
and surpasses the TTSN model by 2.3%. In addition, our proposed
Dk-ViViT model obtains 94.2% on UCF101, which surpasses the I3D
model by 0.8%, surpasses the STS model by 4.1%, and surpasses the
SVT model by 0.5%. Our proposed Dk-ViViT model outperforms several
concurrent models based on CNNs and pure-Transformer.

5. Conclusion and future work

In this paper, we propose a k-NN attention-based video vision
Transformer (k-ViViT) model for action recognition, which speeds up
the training process and neglects the irrelevant or noisy tokens in
the input video. The proposed models outperform various state-of-
the-art results achieved by a pure-Transformer model on two action
recognition benchmarks while maintaining computational efficiency.
Furthermore, we testify to an efficient data augmentation strategy to
improve performance. Our future work will focus on the development
of self-supervised pre-trained Transformer models for action recogni-
tion, as well as for more complex tasks such as video captioning and
sign language translation.
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