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KEYWORDS ABSTRACT
Vision Transformer,  In this paper, we address the computational chal- lenges associated with video recognition tasks, where video

Object Detection, transformers have shown impressive results but come with high computational costs. We introduce Opt-
Object Classification, STVIT, a token selection framework that dynamically chooses a subset of informative tokens in both
Pyramid Vision temporal and spatial dimensions based on the input video samples. Specifically, we frame token selection as
Transformer, a ranking problem, leveraging a lightweight scorer network to estimate the importance of each token. Only
Adaptive Patch, tokens with top scores are retained for downstream processing. In the temporal dimension, we identify and

Intelligent method keep the frames most relevant to the action categories, while in the spatial dimension, we pinpoint the most
discriminative regions in feature maps without affecting the spatial context used hierarchically in most video
transformers. To enable end-to-end training despite the non-differentiable nature of token selection, we
employ a perturbed-maximum-based dif- ferentiable Top-K operator. Our extensive experiments, primar- ily
conducted on the Kinetics-400 and something-something-V2 datasets using the recently introduced MViT
video transformer backbone, demonstrate that our framework achieves similar results while requiring 20
percent less computational resources. We also establish the versatility of our approach across different
transformer architectures and video datasets.

1. Introduction

Research in video recognition, which involves classifying video based content in actions and events, has been
acceler- ated by the quick growth of online videos. Applications like content-based retrieval [1, 2] and
recommendation systems [3- 6] are supported by this research. The model used for video recognition is spatial-
temporal modeling which detects the movement of humans and moving objects for the interaction of each other
over time. Vision transformers [7, 8] playing a vast role for the capturing long range dependencies in Natural
Language processing (NLP) [9, 10]. But for video recognition these transformers [11-14] are computationally
expensive. The issue arises from the fact that as the number of frames in a Identify applicable funding agency
here. If none, delete this.

Should be handled sequentially, first focusing on salient frames throughout the whole time horizon, and then
delving into those frames to find the most significant geographical region.

We shall overcome this limitation by introducing a novel ViT called Optimized Spatial Temporal Video Vision
Transformer (Opt-STViT) plug-and-play ViT that may be used to learn how to video clip increases, the number
of input tokens also increases linearly. This, in turn, leads to a quadratic cost in computing self-attention.
Consequently, video transformers often require substantial computational resources, making them impractical
for deployment in scenarios with limited computing capabil- ities. The previous studies of CNNs [15-24] for
the video based recognition have many limitations and cannot performed well for the detection of video
frameworks and architectures. The transformers take a picture and convert it into small patches that tokenize a
sequence image processing. Self- attention layers are used to relate the modeled patches. Given that transformers
have been demonstrated to be resistant to patch drop behaviors [25], a few fairly recent approaches have
attempted to lower the computational cost of transformers in the picture domain by training them to drop
redundant tokens [26, 27]. The transformer-based models were created for video categorization that are
motivated by ViT and the fact that attention-based architectures are an obvious choice for representing long-
range contextual interactions in video. The most effective models at the moment are built using deep 3D
convolutional architectures [20, 21, 28], a logical progression from image classification CNNs [29, 30]. In order
to better capture long-range relationships, these models have recently been improved by adding self-attention
to their later layers [31-34] The idea of generalizing the transformers from image to video is non-trivial. For
tokenization layer 3D cubes of the token are used for the video transformers which set all the tokens in a
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sequence in the form of 3D vectors. Because of this, learning what to maintain in the sequence alone through
sampling-based methods [26, 27]. always results in a set of spatially and temporally discontinuous tokens,
obliterating the structural information in movies. The latest design of video transformers, which processes 3D
tokens in a hierarchical fashion while maintaining both spatial and temporal context, likewise runs counter to
this [12, 13]. We propose that the selection of spatial-temporal tokens in video transformers manage
computational resources both physically and temporally in video transformers as shown in figure below.
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Figure 1: Fig a presents video frames at different temporal intervals for input. Of all the 07 frames only 03
frames are meaningful as far as recognition is concerned. Hence only 03 temporal frames are shortlisted in the
first stage. Fig b performs spatial filtration over selected frames and keeps ROI based on anchors proposed.
While fig c depicts the final recognized scene.

To employ the fewest number of tokens possible, Opt-STVIiT comprises of two networks: a temporal token
selection network and a spatial token selection network. Each selection network is a multi-layer perceptron
(MLP) that may be coupled to any point on a transformer model and forecasts the relevance score of each
syllable. We select a few tokens with better values for further processing based on these scores. More
specifically, Opt-STVIiT first chooses a few significant frames throughout the whole time horizon given a series
of input tokens. We next divide the token sequences into anchors with regular forms for each frame and choose
the single anchor that contributes the most to video recog- nition. It is important to note that choosing tokens
with the highest scores is not differentiable, which creates difficulties for training. We use a recently suggested
differentiable Top-K selection algorithm [35] to make selection end-to-end trainable using the perturbed
maximum technique in order to address this issue. Additionally, this enables us to specify the number of tokens
that are used. By presenting frame preference as a computational cost challenge, we would develop a frame
preference technique to increase the inference effectiveness of video transformers. Each frame is designated
with a significant score using a lightweight scorer network, and only those with top scores ratings are preserved
for computation. We choose the most informative frames in the temporal dimension, while in the spatial
dimension, the primarily employ the cutting- edge video transformer MVIiT [12] as our basic model and assess
the performance of Opt-STVIiT using HPC. We shall be performing our experiments on Kinetics-400 [36] which
is made up of 240k training films and 20k validation videos that fall into 400 different activity categories. After
performing experiments on datasets by both methods, the results will demonstrate their accuracy by using Opt-
STVIT model can effectively improve the efficiency at the cost of only a slight loss of accuracy. Specifically,
using MVIT [12] as testing method, Opt-STVIT reduces the computational cost by more than 33 Percent with
a drop in accuracy of 0.7 Percent on Kinetics-400.

2. Literature Review

Current plant disease classification systems primarily rely on traditional machine learning models and manual
feature extraction techniques. These methods often face limitations in accuracy due to the challenges of data
diversity and class imbalance. Many systems use basic convolutional neural networks (CNNs) which, while
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effective, struggle to generalize across different plant species and disease variations. Additionally, existing
systems often require extensive labeled datasets, which are not always available. This reliance on limited data
and manual intervention results in slower and less precise disease detection, highlighting the need for more
advanced and automated solutions.

2.1 Vision Transformers

Transformers [10] are being used as the backbone archi- tectures in place of convolutional neural networks
(CNNSs) in the computer vision community as a result of the excep- tional successes of Transformer models in
the field of natural language processing (NLP) [7, 37-39]. Vision transformers have emerged as a result of this
change, and they have demonstrated superior performance in a range of image-related tasks, including image
classification [37], object detection [40], and semantic segmentation [41]. The use of a large amount of pre-
training data in the image domain allowed for the achievement of these amazing results. have inspired the
Computer vision community after the success of the NLPs and CNNs through the backbone architecture used
in transformers. According to a number of methods, researchers have recently been looking at the use of vision
transformers in the field of movies [11-13, 42-45]. For instance, TimeSformer [11] which concatenates patches
from several frames along the temporal dimension, introduces modifications to the basic transformer design
specifically for movies. To capture multiscale visual information necessary for video recognition, MViT [12]
uses a hierarchical transformer design that gradually increases the channel size while decreasing the spatial
resolution. A further method, VideoSwin [13], uses the natural bias towards locality in video data to apply the
idea of window-based local self- attention [46] to video modelling.

2.2 Efficient Vision Transformers

Efficient Transformers are a class of neural network archi- tectures designed to optimize the computational
efficiency of traditional Transformers [47]. They are particularly relevant to spatial-temporal video recognition,
where they aim to reduce computational complexity and improve the efficiency of pro- cessing video data. By
streamlining the architecture, efficient Transformers help address the computational challenges posed by video
recognition tasks, including real-time processing, multi-modal data fusion, and scalability to handle longer
video sequences and higher resolutions. In essence, they enable more effective and efficient analysis of video
data, making them a crucial component in advancing the field of spatial-temporal video recognition.

2.3 Comparative Analysis

Video Vision Transformers (ViTs) represent a critical ad- vancement in spatial-temporal video recognition.
Tailored for processing video data, ViTs excel at capturing temporal dy- namics, efficiently extracting spatial
and temporal features, and facilitating multi-modal fusion, all crucial elements for recog- nizing complex
patterns and actions in videos. Their scalability to longer video sequences, ability to leverage pre-training for
transfer learning, and potential for real-time processing make them a valuable asset in various video recognition
applica- tions[48]. With competitive performance and the capacity to model both spatial and temporal
information effectively, ViTs have emerged as a pivotal tool in addressing the challengesof video understanding
and recognition in computer vision research and applications.

2.4 Efficient Video Transformer

Convolutional neural networks (CNNs) have considerably increased video recognition since their adoption.
Using 3D- CNN, such as C3D [49], I3D [28], and ResNet3D [50], that model both temporal and spatial
information simultaneously, is one frequent strategy. In a separate strategy, frame-level features are extracted
and aggregated at various time points using techniques such temporal averaging [51], LSTM net- works [52],
or channel shifting [53]. Despite the success of these methods, their applicability may be constrained by the
computational expense of CNNSs, particularly 3D-CNNs. Recent studies have concentrated on developing
lightweight architectures [22, 24, 53-56] or carrying out dynamic comput- ing on a per-video basis [16, 57-61]
in order to increase the effectiveness of video recognition. With a focus on resolving spatial redundancy, our
method is in line with the latter idea of decreasing intrinsic redundancy in video data. Convolutional neural
networks (CNNs) and transformer models have been extensively studied in a number of recent studies on video
recognition [20, 50, 62, 63] and [11-13]. However, because these models are frequently computationally
intensive, effec- tive video recognition techniques have been developed [24, 25, 58, 64-66] to reduce the amount
of time needed for inference. By compressing 3D CNNs, certain studies [20, 21, 24, 67, 68] have concentrated
on developing compact models for video recognition. While using these methods results in significant memory
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savings, the computational complexity is not reduced because each temporal clip of the incoming video must
still be processed. The most pertinent temporal clips to feed into backbone models, on the other hand, are
suggested by a few recent techniques [16, 23, 51, 65] allowing for resource-effective video recognition. These
methods, however, largely focus on speeding up CNN-based video recognition algorithms. Our study is the first
to examine effective recog- nition for video transformers, as far as we are aware. It is crucial to remember that
the Optimized Spatial-Temporal Video Vision Transformers (Opt-STViT) method we present is distinct from
and enhances current initiatives to build effective vision transformers [69, 70].

2.5 Temporal Spatial Video Vision Transformer

In recent years, there has been a noticeable trend in the field of object detection, particularly in the context of
video object detection. This trend involves the use of context frames to improve the performance of object
detection algorithms. However, existing methods in this domain typically aggregate features in a single step,
which has limitations. One key drawback is the lack of spatial information from neighbor- ing frames, leading
to insufficient feature aggregation. To address these issues, a novel approach has been proposed. This approach
takes a progressive approach to integrate both temporal and spatial information, enhancing the overall object
detection process. Temporal information is introduced through a specialized model called the Temporal Feature
Aggregation Model (TFAM). TFAM incorporates an attention mechanism that focuses on the relationships
between the context frames and the target frame, which is the frame where the object detection is performed.
Additionally, a Spatial Transition Awareness Model (STAM) is employed in this approach. STAM’s role is to
capture and convey information about the spatial transitions between each context frame and the target frame.
This is crucial for understanding how objects move or change positions between frames. This entire approach
builds upon a transformer-based object detector known as DETR. Importantly, it maintains an end-to-end
fashion, which means that it avoids the need for extensive post-processing steps. As a result of these innovations,
this proposed method, referred to as PTSEFormer, achieves an impressive mean Average Precision (mAP) of
88.1 percent on the ImageNet VID dataset, demonstrating its effectiveness in video object detection. In
summary, recent advancements in object detection, particularly in video detection, involve using context frames
to improve performance. The proposed PTSEFormer introduces temporal information through TFAM and
spatial information through STAM, working in conjunction with the DETR detector in an end-to-end manner,
ultimately leading to substantial improve- ments in mAP on the ImageNet VID dataset.

3. Proposed Methodology

An overview of video transformers is provided in the first paragraph of this section (Sec. 3.1). Then, we discuss
our token selection module, which adaptively selects a small nhumber of significant tokens, and introduce a
crucial method, the perturbed maximum method.in Section 3.2, ”Model End-to- End Optimization,” Finally,
we go into detail regarding Create instances of the token selection modules in the temporal and spatial
dimensions. (Sec. 3.3). Figure 2 and 3 displays the overarching framework.

PATCH EMBEDDING
TRANSFORMER
TEMPORAL OPTIMIZER
TRANSFORMER
SPATIAL OPTIMIZER
TRANSFORMER

Fig 1: Overview of the Optimized Temporal Spatial Transformer
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Fig 2: Expended view of the Temporal and Spatial Optimizers Respectively
3.1 Video Transformer

Let we have an input video of VERMNTxHxWx3) with size of H x W and T RGB frames video transformers
typically employ one of two primary methods to convert these video frames into a sequence of patch embedding.
The first method involves dividing the 2D patches within each frame independently using 2D convolutions and
then concatenating all these patches along the time dimension. The second approach is to directly extract 3D
tubes from the input videos and apply 3D convolutions to transform them into 3D embedding. In both of these
approaches, the quantity of tokens generated changes directly to the temporal duration and spatial dimensions
of the input video. We represent the resulting spatial-temporal patch embedding as xeRN(HxWxd) where ‘H’
and ‘W’ are the lengths of the token sequence in the time and spatial dimensions, respectively, and ‘d’ denotes
the embedding dimension. To introduce location information into these embedding, positional encodings are
incorporated. To capture both the visual appearance and motion cues within videos, the patch embedding
denoted as x are input into a series of transformer blocks. These transformer blocks perform spatial and temporal
self-attention calculation as Let we have an input video of Ve

RT*HXWX3 \wjth size of H x W and T RGB frames video transformers typically employ one of two primary
methods to convert these video frames into a sequence of patch embedding. The first method involves dividing
the 2D patches within each frame independently using 2D convolutions and then concatenating all these patches
along the time dimension. The second approach is to directly extract 3D tubes from the input videos and apply
3D convolutions to transform them into 3D embedding. In both of these approaches, the quantity of tokens
generated changes directly to the temporal duration and spatial dimensions of the input video. We represent the
resulting spatial-temporal patch embedding as x € RI>*W*@ where ‘H’ and ‘W’ are the lengths of the token
sequence in the time and spatial dimensions, respectively, and ‘d’ denotes the embedding dimension. To
introduce location information into these embedding, positional encodings are incorporated. To capture both
the visual appearance and motion cues within videos, the patch embedding denoted as x are input into a series
of transformer blocks. These transformer blocks perform spatial and temporal self-attention calculation as

T
Attention(W,, W, W,) = softmax (W%]") w, (1)

Here, W4, W), W represent the query, key, and value embedding derived from x, respectively. The softmax
function is applied for normalization purposes, ensuring that the attention scores are appropriately scaled.

3.2 Algorithm for Video Vision Transformer

Algorithm-I for Opt-STVIiT: P W VideoVisionTransformer(V,1,z,x|0)

Input: ¥V € RTHXWX3 1 ¢ RFIXWX3 2, € RH**3; v, I, z,x are RGB input video, 3D frames, (i, /)th patch
and sequence of token IDs.

Output: P € (0,1), P is Binary Cross Entry Loss Function based conditional probability such that video object
exist or not.

Hyperparameters: Ly, 4y, L, H,dg, dyp,df € N

Parameters: 0 represents all the parameters as follows:
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| Wg € REEXNv | token embedding matrix
Forl € [L]:

| WO € Rrv*dmodet, multi-head attention

| W2 € Rmoder*dq, Query weight

| WK € Rmoderdk  Key weight

| WY € Rémoderdv \/alue weight

| Y™, B™ € R%, sets of norm-layer

| Whyip, € R*M1P*E weight matrix for MLP layer

| byp € R%, bias matrix for MLP layer

| v, B € R4, W, € RNv>4E final norm-layer & unembedding weight

3.3 Pseudo Code for Opt-STVIiT

1.

2
3.
4

© © N o O

11.
12.

13.

14.

15.
16.
17.

18.
19.
20.
21.

22.

23.

## Extraction of 3D Frames | RGB from input Video V € RT*H*Wx3

for input video V € RT*H*Wx3  dg

for kth second frames I € RF>*W*3 do

I € RPWX3  RGBFrameExtract(V € RT*H*Wx3|9)

function
end

end

## Feed into ViTs

for 3D RGB frames I € RFXW*3 do

for X; ———3DConv(I € RFXW*3|0) do
function

. HXWX3|y .
FeatureMap X1 m 3DConv(I € R X

for FeatureMap X;,4 do
E ——— 3DPatchEmbedding(I € RT*W>3|X;, 1, Wg)

function

X Wl e— Attn(E, Xij|WQ Xijwl( Xing')

YU function iy’ iy

Xi41 <——— Concat(X;;|W)

function Y
end
for X, X;(j_1) do
X'y =X;+Xj_pwhile1<j<h
end
end
end
for X';; do

Y function

end

OPT-STVIT: Video Recognition through Optimized Spatial-Temporal Video Vision Transformers
SEEJPH Volume XXV S1, 2024, ISSN: 2197-5248; Posted: 05-11-2024

2108 |Pag



OPT-STVIT: Video Recognition through Optimized Spatial-Temporal Video Vision Transformers
SEEJPH  SEEJPH Volume XXV S1. 2024, ISSN: 2197-5248; Posted: 05-11-2024

24.  return P(0,1) = SoftMax(W,X;;
3.4 Dynamic Token Selection

As shown in Equation 1, the computational complexity of a video transformer increases quadratic ally with the
number of tokens used in the self-attention blocks. Given the inherent spatial and temporal redundancies present
in videos, a natural approach to mitigate this computational burden is to reduce the number of tokens. However,
the challenge lies in determining which tokens should be retained and which ones can be discarded, and this is
a non-trivial task. Reducing the number of tokens while preserving critical information is essential for efficient
video processing. This involves striking a balance between computational efficiency and maintaining the
representational power needed to address the target task effectively. Achieving this balance often requires
innovative token selection methods that take into account the specific characteristics of the input data and the
objectives of the task at hand. It is a decision closely tied to both the specific input sample and the target task at
hand. Drawing inspiration from recent research on patch selection for high-resolution image recognition, we
frame token selection as a ranking problem. Here's a detailed explanation of this approach.

3.4.1 Estimating Importance Scores

We begin by estimating importance scores for the input tokens. To accomplish this, we employ a lightweight
scorer network. This network evaluates each token and assigns an importance score based on its relevance to
the task.

3.4.2 Selecting Top Scorers

After the importance scores are calculated, we proceed to select the top scoring tokens. These tokens are
considered the most informative and relevant for the downstream processing tasks. The described two-step
process is used for both spatial and temporal token selection. In spatial token selection, it helps identify
significant spatial patches within frames, while in temporal token selection, it assists in determining the most
relevant frames over time. This approach is valuable for reducing computational complexity while preserving
critical information for video analysis and understanding.

3.4.3 Scorer network.

The objective of the scorer network is to generate importance scores for each token in an input sequence
represented as ¢, where g is a matrix with dimensions (L, C). Here, L signifies the length of the sequence when
flattened, and ‘d’ represents the embedding dimension. To accomplish this, we employ a conventional two-
layer fully connected (FC) neural network to compute these scores.

More specifically, we start by mapping the input tokens to a local representation denoted as f_I through a linear
projection:

flocal __ FyllyConv(q|0)

function

s «——— FullyConv(f;|0)

function

where 0 denotes the network weights and f*local is a vector of importance scores for all tokens, which
has a dimension of ‘d’. These scores have been normalized using the min-max normalization technique.

3.5 Selection of Top Highest scorer

After obtaining the importance scores, denoted as "'s," from the scorer network, we proceed to select the highest
scores and extract the corresponding tokens. This operation is referred to as the "Top scorer™ operator, and it
returns the indices of the largest entries. In mathematical terms, it is represented as follows:

y = Top scorer(s) € N K.

To train the parameters of the scorer network through an end-to-end training process without the need for
additional loss functions, we employ the perturbed maximum method. This allows us to create a differentiable
version of the Top scorer operator, ensuring that gradients can be computed throughout the training process.

3.5.1 Forward

A smoothed variant of the Top scorer operation as described in below can be achieved by computing the
expectation with respect to random perturbations. This is represented as follows:
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Y= expect_argmax(rand]| (y,s))

For testing, we apply the Top scorer algorithm for n iterations (typically set to 500 in all our experiments), and
then calculate the expectation by averaging over the results of these n independent samples.

3.5.2 Backward

During the training process, we simultaneously train both the backbone models and the token selection networks
using the cross-entropy loss in an end-to-end manner. However, during inference, we aim to further enhance
efficiency by employing the hard Top scoring operation, where only a single Top scorer operation is performed
(instead of n perturbed repetitions), and token selection is accomplished through tensor slicing.

However, it's important to note that using hard Top-scoring during inference can lead to a difference between
the training and testing phases. To address this issue, we introduce a linear decay of the hyper-parameter d_E
towards zero during the training process. It's worth emphasizing that when d_E equals zero, the differentiable
Top scoring operation becomes equivalent to hard Top scorer, and the gradients flowing into the scorer network
become negligible or vanish.

3.6 Temporal and Spatial Token Selection

The unique characteristics of appearance and motion information in videos, we adopt a two-step approach for
token selection. First, we focus on selecting salient frames, and then we further refine our attention to identify
the most crucial spatial regions within those frames. This approach involves separating the processing of spatial
and temporal information, attending to significant frames initially and subsequently delving into these frames
to pinpoint the most important spatial regions.

3.6.1 Temporal selection

Given the input tokens x with dimensions WxHxd, the objective of temporal selection is to choose Top scoring
matrix out of the W frames and disregard the remaining ones. Here's how this process is carried out: Initially,
we perform average pooling on x along the spatial dimension. This results in a sequence of frame-based tokens
denoted as xt with dimensions Wxd. Next, we pass xt through the scorer network and the Top Scorer operator
to generate an indicator matrix Yt. This matrix identifies the frames with the top K highest scores and has
dimensions HxTop Scorer. Afterward, we reshape the input x back to its original form, so it becomes x with
dimensions Wx(Hxd). Finally, we extract the selected top scoring frames from x using the indicator matrix Yt
by performing a matrix multiplication: z = Yt"T X, resulting in a matrix z with dimensions Top scoring
matrixx(Hxd). The selected tokens are then reshaped to form™ with dimensions Top scoring matrix xHxd for
further processing in downstream tasks.

3.6.2 Spatial selection

Unlike temporal selection, spatial selection is conducted independently for each frame, with the goal of selecting
best scoring token out of N tokens for each frame. To clarify, we first input the tokens of a given frame, denoted
as x_m and residing in an H x d matrix, into a scorer network to generate importance scores s_m, both of which
vary across frames but are described here without frame subscripts for simplicity. To identify the top Scoring
spatial tokens, one might initially consider directly applying the Top Scoring operator to the token-based scores
s. However, this approach disrupts the spatial arrangement of input tokens, which is particularly problematic
for spatial selection in video transformers for two key reasons.

First, modern video transformers, employ a hierarchical architecture that progressively reduces spatial
resolutions through multiple stages. Abruptly removing tokens disrupts the spatial structure, which is
detrimental to local operations like convolutions and pooling used for spatial down-sampling. Second, the
misalignment of spatial tokens along the temporal dimension complicates temporal modeling significantly.
Instead of relying on token-based selection, we introduce an innovative anchor-based approach for spatial
selection. Here's how it works:

Once we have obtained importance scores, denoted as 's,’' for each frame, we start by reshaping these scores into
a 2D score map, 's_s," which takes the shape of s_s € R VN x VN. Next, we partition this score map into a grid
of overlapping anchors, referred to as 'e_s_s," which forms a matrix of size e_s_s €R G x K. Each anchor covers
a region of K tokens. The parameter G represents the total number of anchors, and it is calculated as G = (\N-
Ko+ 1)"2, where o denotes the stride between anchors. After the anchors are defined, we proceed to aggregate
the importance scores within each anchor using average pooling. This aggregation results in anchor-based
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scores, denoted as 's_a," which exist in the space R G. This transformation effectively transforms the original
problem of selecting the top scoring tokens into a simpler task of selecting the token with the highest score
within each anchor, essentially becoming a Top-1 selection problem. To identify the highest-scoring token
within each anchor,

We once again make use of the Top Scoring operator, setting K to 1. This process generates an indicator matrix
and allows us to extract the anchor with the highest score, achieving our goal of spatial selection.

3.7 Algorithm for Temporal and Spatial Token Selection

Algorithm-I11 for Opt-STVIiT: P m VideoVisionTransformer(V,1, z, x|0)

Input: g € R¥C, I € RPW>3, 2, € RH**3; VI, z,x are RGB input video, 3D frames, (i,j)th patch and
sequence of token IDs.

Output: P € (0, 1), P is Binray Cross Entry Loss Function based conditional probability such that video object
exist or not.

Hyperparameters: L, qx, L, H, dg, dyp, df € N
Parameters: 0 represents all the parameters as follows:
| Wg € REEXNv | token embedding matrix
Forl € [L]:
| WO € RIv*dmodet, multi-head attention
Q dinodelXd i
| W{ € R%moder%e Query weight
| WK € Rimoderxdx | Key weight
| WY € Rfmoderdv \/alue weight
, € R?E, sets of norm-layer
Y™, B™ € RP, sets of lay
| Whyip, € R*M1P>dE weight matrix for MLP layer

| byrp € R%, bias matrix for MLP layer

| v, B € R4, W, € RNv>4E final norm-layer & unembedding weight
25.  ## Token Score-Ranking of input token g € RE*¢

26. for input video g € R do

27.  for flocal ——— FullyConv(q|0,pcq;) dO

function

Global local
28. forf mAUg(fi ) do

29. for f; «——— Concat(floc%, fGotbaly do

function
30. s WFullyConv(fiw)
31. end
32. end
33. end
34. end

35.  ## Top-Scored token selection
36. for Top-Scored token s do
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37. fory «——TopScore(s) do

function

38. z «———TempSelect(y)

function
39. end
40. end

41.

42.  ## Top-Scored token selection
43. for Top-Scored token s do

44, fory «————TopScore(s) do

function

45. z «——— SpatialSelect(y)

function
46. end
47. End

4. Results and Discussion

In this section, we assess the performance of Opt-STVIT through a comprehensive series of experiments carried
out on two substantial video recognition datasets. We employ two modern video transformer backbones for this
evaluation. Our experimental setup is detailed in Section 4.1, followed by the presentation of key results in
Section 4.2. Additionally, we conduct ablation studies in Section 4.3 to get the significance of various
components used in our research.

4.1 Experimental Setup

Our primary base model for evaluation is the MViT-B16, which represents a state-of-the-art video transformer
architecture. We assess the effectiveness of Opt-STViT using the Kinetics-400 dataset [36]. However, it's worth
noting that our approach is designed to be versatile and applicable to various transformer architectures and
datasets. To demonstrate this versatility, we also conduct experiments with the Video Swin Transformer on both
the Kinetics-400 dataset and the Something-SomethingV2 (SSV2) dataset [71].

Different Opt-STVIT variations are represented by the notation B-T_R"L-S_R”L where B denotes the backbone
network and T and S denote the token selection operations carried out along the temporal and spatial dimensions,
respectively. The positions of the token selection modules and the related ratios of the chosen tokens are
indicated by the letters L and R. For instance, MViT-B16-T"0-S"4 specifies using MViT-B16 as the base model
and doing temporal token selection before the Oth self-attention block with a selection ratio of 0.4 and spatial
token selection before the 4th block with a ratio of 0.6.

4.2 Implementation

In our experiments, we fine-tuned pre-trained video transformer models with our Opt-STVIT modules,
initializing Opt-STVIiT module parameters randomly and setting ¢ in Equation 7 to 0.1. The learning rate for
backbone layers was 0.01 times that of Opt-STViT modules. For MViT models on Kinetics-400, we used 16-
frame video clips with a temporal stride of 4, spatial size 224x224, AdamW optimizer for 20 epochs (with 3
epochs of linear warmup), initial learning rates of 1e-4 for Opt-STVIT and 1e-6 for the backbone, and a mini-
batch size of 16. A cosine learning rate schedule was applied. For Video Swin Transformer, we used 32-frame
clips with a temporal stride of 2, the learning rate for selection networks was 3e-4, and the backbone model had
a learning rate 0.01 times smaller, with a batch size of 64. Training protocols varied for Kinetics-400 and
Something-Something-V2, with AdamW optimizer and warm-up epochs. During inference, we followed
original backbone model testing strategies for equitable performance comparison.
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Fig 2: Comparison between Arbitrary and MVit-B16 Token Selection
4.3 The efficiency of Opt-STViT
In our initial comparison, we evaluate Opt-STVIT against common token selection baselines, including:

Random (Rand.): This baseline randomly selects K tokens from the input, disregarding their visual content. It
represents a simplistic, non-contextual token selection approach.

Gumbel-Softmax (GS): GS employs a Gumbel-softmax trick for token selection. It's important to note that GS
cannot be applied to spatial token selection due to the presence of spatial down sampling in recent video
transformers.

In Table 1, we provide a summary of results for temporal-only, spatial-only, and joint token selection. In cases
where baseline settings are unfeasible, denoted as N/A, we present this information accordingly. Our
observations indicate that Opt-STVIT consistently achieves the highest accuracy when compared to all baseline
methods, despite operating within a similar computational budget. Particularly noteworthy is Opt-STViT
significant performance advantage over GS, even though both methods employ the same scorer network design.
These results underscore the efficiency of our differentiable Top Token Selector operator for dynamic token
selection, which contributes to Opt-STViT superior performance.

Table I: Comparison of Opt-STVit with Random Tokens

. . Random Gumbel Opt-ST
Configuration .
Token Softmax ViT
Temporal (Only) T0.570 74.1 74.1 75.7
Spatial (Only) S 0.9%4 74.9 N/A 76.3
Temporal and Spatial T 0.870-S 0.9°4 75 N/A 77.1
Temporal and Spatial T 0.970-S 0.9°4 76.2 N/A 78.8

In our further comparison, we compared Opt-STViT with the Rand. baseline under various computational
budgets, as depicted in Figure 4. The results consistently demonstrate the superior performance of Opt-STVIT,
especially in settings with significant reductions in computation. For example, in the case of MViT — B16 —
Tds — Sg.9, Opt-STVIT outperforms Rand. by an impressive margin of 2.7% while using a similar computational
budget of 12 GFLOPs. This confirms that our dynamic token selection modules effectively preserve informative
tokens. Additionally, it's worth noting that the computational overhead introduced by our token selection
module is negligible. In fact, the parameters and FLOPs of the scorer network in Opt-STViT constitute only
1.0% and 0.7% of those in the original MViT-B16 backbone, underscoring the efficiency of our approach.

4.4 Results Comparison

In Table 2, we present a comparative analysis between Opt-STViT and state-of-the-art video recognition models
using the Kinetics-400 dataset. This comparison encompasses a range of models, including both CNN-based
and Transformer-based architectures. Our goal is to illustrate the efficacy and competitiveness of our approach
alongside these top-performing models. In this paper, we provide the computational cost for inference, which
is calculated as the cost for a single view multiplied by the number of views in both spatial and temporal
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dimensions. This cost is expressed in Giga-FLOPs (GFLOPs). To facilitate a clear comparison, we categorize
the models into two groups and specifically compare Opt-STViT with models having similar GFLOPs. It's worth
noting that our default Opt-STVIT settings are based on MViT-T0-S4, which presents a particularly challenging
scenario for spatial as well as temporal selection

Table 11: Result Comparison of Kinetics-400

Models Pre-Train GFLOPS Top-1
X3D-L - 0.81 78.2
TimeSformer IN-21K 0.62 78.6
MViT-B16 - 0.38 79.3
MVIiT-B16-T 0.870-S 0.9°4 - 0.29 80.5
MViT-B16-T 0.8°0-S 0.9°4 - 0.35 79.4

The table 3 presents a comparison of four video interference detection models: TSM, STM, TEA, and MVIT-
B16, evaluated on the IN-1K video interference detection dataset. MVIT-B16 emerges as the top performer in
terms of Top-1 Val Accuracy (%), achieving an impressive 68.6%, followed by the TEA model at 66.1%, the
STM model at 65.3%, and the TSM model at 64.2%. Regarding computational demands measured in GFLOPS
(Giga-Floating Point Operations Per Second), MVIT-B16 ranks highest with 2.41 GFLOPS, followed by TEA
at 2.24 GFLOPS, STM at 0.65 GFLOPS, and TSM at 0.41 GFLOPS. GFLOPS serves as an indicator of the
computational resources needed to execute a model. These results highlight a trade-off between model accuracy
and computational cost. MVIT-B16 excels in accuracy but demands the most computational resources. TEA
and STM, while slightly less accurate, are more resource-efficient options. On the other hand, the TSM model
offers the lowest accuracy among the four but is the most resource-efficient.

Table 111: Result Comparison of Something-Something-400

Models Pre-Train GFLOPS Top-1
TSM K400 0.41 64.2
STM IN-1K 2.24 65.3
TEA IN-1K 241 66.1

MViT-B16 K400 0.65 68.6

4.5 Result Discussion
4.5.1 Different Token Selection

The flexibility of our Opt-STVIiT module allows for various token selection configurations to achieve a
comparable reduction in computational load. To illustrate, in the case of reducing the computational demands
of MVIiT-B16 by approximately 50%, one can adopt one of the following strategies:

(1) implementing spatial-only or temporal-only token selection at earlier stages with a higher selection ratio
(e.g., -S0.6 or -T0.6);

(2) applying spatial-only or temporal-only token selection at later stages with a lower selection ratio (e.g., -
S40.3 or -T40.3);

(3) conducting joint token selection (e.g., -T0.6-S40.9),

In this section, we research into a comprehensive analysis of these choices, using MViT-B16 as an example and
assessing their performance on the Kinetics-400 dataset. The inference cost is reported for a single view. It's
evident from our observations that temporal selection significantly outperforms spatial selection, underscoring
the greater importance of mitigating temporal redundancy in videos compared to spatial redundancy.
Furthermore, the most favorable outcome is achieved with joint token selection, where temporal token selection
occurs early in the model, and spatial token selection occurs in the deeper layers (i.e., -T0.6-S40.9). We also
examine the scenario of conducting token selection in a multi-step manner, involving multiple token selections
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at various layers of a transformer network, each with a higher selection ratio.

We present visualizations of the outcomes of temporal-only, spatial-only, and joint token selection in Figure 5
and 6, showcasing the frames and regions that are discarded by Opt-STVIiT. Our observations reveal that Opt-
STVIT excels in not only accurately identifying the most informative frames within a video clip but also
pinpointing the discriminative regions within each frame. By effectively pruning tokens in both the temporal
and spatial dimensions, Opt-STVIT retains only those tokens crucial for accurate action recognition. These
selected tokens are subsequently fed into the subsequent video transformers, resulting in a reduced
computational cost while maintaining minimal loss in classification accuracy. This demonstrates the efficiency
and effectiveness of Opt-STVIT in optimizing token selection for video analysis tasks.
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Fig 2: Chameleon Changing
5. Conclusion and Future Work

In this research paper, we introduced Opt-STVIT, a dynamic spatio-temporal token selection framework
designed to alleviate both temporal and spatial redundancies within video transformers, enhancing the efficiency
of video recognition. We framed token selection as a leading problem, using a lightweight selection network to
predict token importance, and preserving only those tokens with top scores for further processing. In the
temporal dimension, we selected a subset of frames most relevant to the action category, while in the spatial
dimension, we retained the most discriminative regions within each frame to maintain structural information.
To facilitate end-to-end training of the backbone model with the token selection module, we incorporated a
perturbed-maximum-based differentiable Top Scoring operator. Our extensive experiments across various video
recognition benchmarks confirmed that Opt-STVIiT achieves competitive efficiency-accuracy trade-offs,
highlighting its practical utility in video analysis tasks.
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