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ABSTRACT

EXPLORING DEEP SPATIO-TEMPORAL FUSION ARCHITECTURES
TOWARDS LATE TEMPORAL MODELING OF HUMAN ACTION
RECOGNITION

Kalfaoglu, Muhammet Esat
M.S., Department of Electrical and Electronics Engineering
Supervisor : Prof. Dr. A. Aydin Alatan

Co-Supervisor : Assoc. Prof. Dr. Sinan Kalkan

August 2020, [I26] pages

Visual action recognition (AR) is the problem of identifying the labels of activities
that occur in a video. In this thesis, different spatio-temporal representations are
analyzed and the factors making these representations better suited for AR are deter-
mined. To be specific, three main concepts are analyzed in this thesis study which
are the effects of different architectural selections, the input modalities (RGB, optical
flow, human pose), and temporal modeling concepts. Additionally, the joint utiliza-
tion of BERT-based late temporal modeling with 3D CNN architectures is proposed
and a novel distillation concept is recommended within this approach.

Firstly, for architectural analysis, both 2D and 3D CNN structures are considered. For
3D CNN architectures, the effects of clip length, input spatial resolution, group con-
volution, and separable 3D convolution are analyzed. During this analysis, popular
3D CNN architectures for AR, such as MFNET, SlowFast Networks, R(2+1)D net-
works, I3D, MARS networks (knowledge distillation), and various ResNet architec-
tures are all considered. Temporal shift modules are also investigated as an extension
to 2D CNN architectures.

For input modality analysis, popular two-stream architectures (RGB+Flow) are ana-
lyzed within both 2D and 3D CNN architectures. Moreover, as an extension to RGB



and flow modalities, pose input modality is utilized with a different approach from
the literature and studied within the 2D CNN architectures in this thesis.

For the temporal modeling analysis, various techniques are analyzed such as average
pooling, LSTM, convolutional GRU, BERT, and non-local blocks within 2D CNN
architectures.

As a novel extension, conventional 3D convolutions are combined with late temporal
modeling for AR. The popular temporal global average pooling layer (TGAP) at the
end of 3D convolutional architecture is replaced with the recent Bidirectional Encoder
Representations from Transformers (BERT) layer in order to better exploit the atten-
tion mechanism of BERT. Such a replacement is shown to improve the performances
of many popular 3D convolution architectures, including ResNeXt, 13D, SlowFast,
and R(2+1)D. The-state-of-the-art performances are obtained on both HMDBS51 and
UCF101 datasets with 85.10% and 98.69% Top-1 accuracy, respectively. Finally, a
novel knowledge distillation concept is proposed using a 3D-BERT architecture that
yields quite promising performances.

Keywords: Activity Recognition, Action Recognition, Temporal Modeling, 3D Con-
volution, Two-Stream Networks, Spatio-Temporal Features
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Oz

INSAN AKTIVITELERINI TANIMA ICIN DERIN UZAM-ZAMANSAL
FUZYON MIMARILERIN GEC ZAMANSAL MODELLEMEYE YONELIK
INCELENMESI

Kalfaoglu, Muhammet Esat
Yiiksek Lisans, Elektrik ve Elektronik Miithendisligi Boliimii
Tez Yoneticisi : Prof. Dr. A. Aydin Alatan
Ortak Tez Yoneticisi : Dog. Dr. Sinan Kalkan

Agustos 2020 , [126] sayfa

Gorsel eylem tamima (ET), bir videoda meydana gelen eylemlerin ne oldugunu ta-
nimlama problemidir. Bu tezde, farkli uzam-zamansal yapilar analiz edilmis ve bu
gosterimleri ET icin daha uygun hale getiren faktorler belirlenmistir. Spesifik olmak
gerekirse, bu tez calismasinda farkli mimari se¢imlerin, girdi modalitelerinin (RGB,
optik akis, insan pozu) ve zamansal modelleme kavramlarinin etkileri {i¢ ana kavram
olarak ele alinmistir. Ek olarak, BERT tabanli ge¢ zamansal modellemenin 3D CNN
mimarileri ile ortak kullanimi Onerilmis ve bu yaklasim i¢inde yeni bilgi damitma
kavrami onerilmistir.

Mimari analiz i¢cin hem 2D hem de 3D Evrisimsel Sinir Aglar1 (CNN) dikkate alinir.
3D CNN mimarileri i¢in girdi klip uzunlugu, girdi uzamsal ¢oziiniirliigii, grup evri-
simi ve ayrilabilir 3D evrisim mimarilerinin etkileri analiz edilir. Bu analiz sirasinda,
MENET, SlowFast Networks, R(2 + 1)D aglar1, I3D, MARS aglar1 (bilgi damitma) ve
cesitli ResNet mimarileri gibi AR i¢in popiiler 3D CNN mimarilerinin tiimii dikkate
alinir. Zamansal kayma modiilleri ayrica 2D CNN mimarilerinin bir uzantis1 olarak
incelenir.

Girdi modalite analizi i¢in, popiiler iki kanalli mimariler (RGB + optik akis) hem 2D
hem de 3D CNN mimarileri i¢inde analiz edilir. Ayrica, RGB ve optik akis moda-
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litelerinin bir uzantis1 olarak, poz girdi modalitesi literatiirden farkli bir yaklagimla
kullanilmigtir ve bu tezde 2D CNN mimarileri dahilinde incelenmistir.

Zamansal modelleme analizi i¢in, 2D CNN mimarileri i¢inde ortalama havuzlama,
LSTM, evrisimli GRU, BERT ve Yerel Olmayan blok yapilar gibi cesitli teknikler
analiz edilir.

Yeni bir Oneri olarak, bu calismada, ET problemi i¢in 3D evrisim mimarilerinin geg
zamansal modelleme ile birlestirilmesi sunulmugtur. Bu amacla 3D evrisimsel mi-
marilerinin sonundaki geleneksel zamansal ortalama havuz katmani1 (TGAP) Trans-
formatorlerden Cift Yonlii Enkoder Temsilleri (BERT) katmanmiyla degistirilmis ve
BERT nin ilgi mekanizmasiyla daha iyi bir ge¢ zamansal modelleme amag¢lanmisgtir.
Bu degistirmenin, ResNeXt, I3D, SlowFast ve R(2 + 1)D gibi eylem tanima icin bir-
cok popiiler 3D evrisim mimarisinin performansini gelistirdigi gosterilmistir. Ayrica,
HMDBS51 ve UCF101 veri kiimelerinde sirastyla 85.10% ve 98.69% top-1 dogrulugu
ile literatiirdeki en gelismis sonuglar sunulmustur. Ayrica, 3D-BERT mimarisi lize-
rinden bir bilgi damitma yapis1 Onerilmis ve analiz edilmistir.

Anahtar Kelimeler: Aktivite Tespiti, Zamansal Modelleme, 3D Evrigim, Iki Kanalli
Aglar, Uzamsal-Zamansal Oznitelikler
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CHAPTER 1

INTRODUCTION

Activity recognition or action recognition (AR) is the task of recognition of pre-

de ned actions or activities from "short" video clips ("short" duration is typically
assumed to be between 2 to 15 seconds). There are two important information sources
in a video clip for the action recognition task: spatial information and temporal infor-

mation.

The rstinformation source is the spatial information, which can be de ned as what
someone can obtain from a still image or a single frame. In another de nition, it is
de ned as the static information existing in a single frame, such as entities, objects,
and context. For example, the action 'swimming' can be identi ed from a still image,

if a person in a water body can be recognized.

The other major information source, which is quite critical for AR, is the temporal
information. This information source is based on the relationship between the frames
of a video sequence. For example, if a person is in a water body, it is hard to capture
the difference between tHareast crawland breast strokewhich are two different

swimming styles.

Another typical example in which the temporal information is crucial is discrimina-
tion between opening and closing actions on a window (or door). Assume that only
one frame is extracted from the video sequence consisting of opening and closing
window actions (See Figure 1.1). It is quite hard to recognize whether it belongs
to the opening or closing actions. For this purpose, there is an extra requirement to

understand where a person moves or where a window rotates.



(a) A frame sample from the clip @losingwin- (b) A frame sample from a the clip ajpening

dow action. window action.
Figure 1.1: The visual demonstration of the signi cance of temporal information for

the distinction of reverse actions.

Another challenge is distinguishing actions which are similar but evolving at different
speeds, such as walking and running. As a consequence, in order to perform reliable
action recognition, the representations that are extracted from a video clip should
model both spatial and temporal information simultaneously and the representations

should be aware and invariant of the evolution speed of the performed action.

In any real-world application of AR, not only the classi cation performance but
also the computational complexity and memory utilization are two important factors.
Tackling such a dif cult problem using conventional machine learning techniques
requires huge computational complexity and memory utilization. Therefore, the ul-
timate goal of our AR research is obtaining good performance while considering the

computational complexity and memory utilization.

1.1 Applications of Action Recognition

Action recognition (AR) can be utilized in many different areas and applications, such
as video retrieval, surveillance systems, human-computer interaction, robot percep-

tion, and sign language.

Video retrieval is the problem of nding similar video clips to the given input video

clip. It is an important concept in dealing with huge video archives. Another im-
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portant area for AR is surveillance. In video surveillance, detecting any problematic
action as early as possible can be crucial for preventing advert events, such as rob-
bery or ghts. Human-machine interaction is another domain where AR is crucial.
For instance, in virtual reality or computer games, detecting gestures can be useful.

Similarly, AR can be utilized in automatic sign language recognition.

Another domain where AR can be utilized is robot perception. For robots to be able to
freely interact with humans, AR should be an indispensable part of robot perception,
since the rst step of taking proper actions is to comprehend the situation. For exam-
ple, consider an example of robot surgery. This requires having an understanding of
the surgeon to make convenient interventions for the surgery. Another example can
be physiotherapy exercises where the correctness of an exercise can be evaluated by

AR systems.

1.2 Scope and Contributions of the Thesis

This thesis covers various 2D and 3D CNN architectures for the AR problem. 3D
CNN architectures have become quite popular due to their success in the AR liter-
ature. However, 3D CNN architectures have higher computational complexity and
more parameters than their 2D CNN counterparts. Therefore, there are studies which
try to decrease the computational burden of 3D CNNs, while preserving their accu-
racy [64, 76, 6, 24]. For this aim, this thesis makes an in-depth analysis of 2D and
3D CNN architectures with their performances, the number of parameters, and the

number of operations.

A second focus of the thesis is regarding the input modality. There are studies that
show the positive impact of utilizing different input modalities jointly in the perfor-
mance of the AR problem. [57, 17,5, 48, 71, 49, 8, 64, 76, 68, 12, 13, 78, 7, 18]. For
this aim, the effect of RGB videos, estimated motion vectors (i.e. optical ow eld)

of the points in the scene, automatically determined human pose positions and their

joint utilization (two-stream and three-stream) are analyzed in this thesis.

Moreover, the thesis analyzes late temporal modeling of the learned spatio-temporal

representations for both 2D and 3D CNN architectures. Within this context, a novel
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BERT-based late temporal modeling on 3D CNN architectures is proposed in this

thesis.

Finally, various concepts are examined for the AR problem, such as the effect of
the distillation concept in which one network transfers its knowledge to the other
network, scale of the pre-training dataset, clip length of 3D CNNs, feature fusion.
Additionally, knowledge distillation for AR is extended by using BERT architectures
and this novel method is analyzed by using 3D CNN architectures.

The work presented in the Chapter 4 of the thesis has been disseminated in a paper
[30]:

E. Kalfaoglu, S. Kalkan, A. Alatan, “Late Temporal Modeling in 3D CNN Archi-
tectures with BERT for Action Recognition”, ECCV2020 2nd Workshop on Video
Turing Test: Toward Human-Level Video Story Understanding, 2020.

1.3 Outline of the Thesis

In this thesis, the related work from the literature is presented in Chapter 2. In order
to better assess the advantages of the related work, an experimental analysis of the
literature is presented in Chapter 3. In this chapter, datasets, implementation details,
experimental results related with 2D CNN architectures and experiments related with
3D CNN architectures are given in Sections 3.1, 3.2, 3.3 and 3.4 respectively. Next, a
proposed method based on BERT which is applied on 3D CNN architectures is pre-
sented in Chapter 4, where BERT is implemented for late temporal modeling on top of
the 3D CNN architectures. After this chapter, another novel method for BERT-based
knowledge distillation is analyzed in Chapter 5. Finally, the thesis is concluded with
Chapter 6 where the summary and concluding remarks of the thesis are presented.
Some complementary concepts, such as the utilized optical ow and pose estimation
techniques or the experimental details are all presented in the Appendix section of the

thesis.



CHAPTER 2

RELATED WORK

In this chapter, the literature related to the scope of this thesis is covered. Firstly,
an overview of action recognition literature is presented. Following this overview,
the prominent deep-learning-based methods and concepts from the literature are pre-

sented in detail in this chapter.

2.1 An Overview of Action Recognition (AR) Literature

In this section, a general overview of the AR literature is presented without giving
detailed explanations. This section is divided into two main parts, which are pre-deep
learning AR literature and deep learning AR literature, while the main focus of this
thesis is more on the latter. Therefore, the analysis of deep learning AR literature will

be more elaborate.

2.1.1 Pre-deep-learning AR literature

Before the introduction of deep learning, action recognition methods depended on
the extracted hand-crafted features. The general block diagram of pre-deep-learning
methods is presented in Figure 2.1. The pre-deep-learning methods for AR consist
of three main stages: spatio-temporal interest point detection, creations of spatio-
temporal description for detected interest points, and the encoding of interest point

descriptions.
As mentioned before, both the spatial information and temporal information are cru-
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Figure 2.1: General block diagram of pre-deep learning methods

cial for action recognition problem. Therefore, differently from an image classi ca-
tion task, there is a need to process also the temporal information for action recogni-
tion. From that perspective, the keywasgatio-temporakhould be highlighted for

both interest point detection and description.

The spatio-temporal interest point detectors can be categorized into two from the per-
spective of providing temporal characteristics to spatial detectors. Thespatie-
temporal detectorsvhich the extension of spatial detectors with the temporal dimen-
sion [37, 10, 73, 38] antrajectory-based detectonshich are the temporal trajec-
tories of spatial or spatio-temporal interest points. The extension of spatial detectors
with the temporal dimension means that detectors aim to nd three-dimensional blobs
or corners in avideo. In temporal trajectories, the spatial interest points which are de-
tected from a single frame or spatio-temporal interest points, such as Harris3D are
tracked with KLT, SIFT-matching and optical ow algorithms [45, 46, 29, 66].

The spatio-temporal descriptors can also be categorized into two from providing tem-
poral characteristics to spatial descriptors. These are the extension of spatial descrip-
tions with the temporal dimension [54, 35, 73] and pooling of spatial descriptions
across temporal dimension [66, 38]. For instance, pooling can be a concatenation.

The trajectories themselves can also be descriptors [66, 45].

Interest point descriptions are obtained by aggregating local descriptions of the de-
tected interest points into xed-sized video-level features. This can be achieved via
Visual Bag of Words (VBoW), or Fisher Vector Representations [53] or Vector of
Locally Aggregated Descriptors (VLAD) vector. Visual Bag of Words can be imple-
mented via K-means or Gaussian Mixture Models (GMM). The difference between
K-means and GMM is that K-means is the hard assignment of the feature vector to
the clusters and assumes that one feature only belongs to the one cluster of K-means

while GMM is the soft assignment of the feature vector to the clusters and de nes
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probabilities for the assignments of the clusters. Fisher Vectors depends on the idea
that score function can be de ned as the gradient of probability modeling and de-
scribes how the parameters of the model should be modi ed to represent the model
better. For this aim, it uses rst-order and second-order statistics assuming the Gaus-
sian model on the data which makes the total number of paranf22rsl) K where

D is the dimension of the feature vectors a&hds the number of clusters in Gaussian
Mixture Model. VLAD is similar to Fisher Vectors but it does not use the second-

order statistics to reduce the number of parameters.

Figure 2.2: The general approach for hand-crafted based learning methods

From this point, crucial pre-deep learning AR studies will be introduced without en-
tering into much detail.



2.1.1.1 3D Spatio-temporal Extension of 2D Spatial Detectors and Descriptors

Laptev extends the idea of the Harris corner detector to the spatio-temporal Harris
corner detector [37]. Harris corner detector depends on the idea that the change in a
window will cause sharp changes in both spatial directions around the corner. To do
S0, this technique uses rst-order approximation and creates a matrix from the rst-
order derivatives and investigates the eigenvalues of this matrix for corner detection.
In spatio-temporal Harris detector [37], the dimension is equal to three. Therefore,
for a meaningful corner in the space-time domain, all of the eigenvalues should be
high. For the scale selection, the maximum Laplacian of Gaussian (LoG) value is
searched over the spatio-temporal domain. Next, from the selected scales, the corner

points are re-calculated, which creates a two-step iterative algorithm.

In a different approach [10], the usage of 3D corner detectors is criticized due to
the fact that in some behavior types, such as facial expressions, quite a few spatio-
temporal corners are extracted. It is mentioned that sparseness is desirable to some
extent but a rare number of interest points might not be suf cient for action recogni-
tion. The proposed interest points of [10] depend on the idea of perturbation in the
temporal domain. For this aim, spatial Gaussian convolved with a quadrature pair of
temporal 1D Gabor lters are applied to choose the interest points. Then, from the
selected points, cuboids are de ned which are spatio-temporal cubes from the video.
From these cuboids, it is possible to extract various features like normalized pixel
values, gradient informatiorG; Gy; G;), and optic ow (Vx;Vy). Then, from these
features, the BoW approach is followed for the representation and local histograms
are created in order not to lose all space and time information. 3D-SIFT [54] is a study
where the focus is more on creating 3D descriptors than the nding interest points.
In this work, the interest points are randomly sampled from videos. The difference of
3D-SIFT representation from the 2D counterpart is that one more angle information
also exists in histogram bins and sub-histograms are divided not only in the spatial

domain but also in the temporal domain.

The authors of extended SURF [73] argue that the iterative 3D Harris-Laplace [37]
detector is quite complex and might diverge since the iterative approach is applied

for every feature detected. It is also argued that cuboids [10] are not scale-invariant,
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since the size of a cuboid is a hyper-parameter. The proposed approach in [73] is that
both the interest point and its scale are determined by the determinant of the Hes-
sian matrix. Moreover, the second-order derivative calculation complexity is reduced
by using the integral video concept. By using some box lIters, the second-order
derivatives are calculated and differently sized box Iters are used to model the scale.
Moreover, for the extraction of a descriptor, Haar wavelets are preferred and integral
images are utilized for the calculation of these wavelet responses in order to decrease
the complexity.

Another paper that utilizes the 3D Harris corner detector is [38]; however, for scale

selection, a multi-scale approach is followed instead of an iterative algorithm to re-

duce the computational complexity. The cuboid concept is adopted and the scales
of the cuboids are selected according to the scale of interest point. The grid size
in cuboids is chosen as 3x3x2 and Histogram of Oriented Gradient (HOG) and His-

togram of Oriented Flow (HOF) are used as features. Moreover, a spatial pyramid

concept is followed to divide a video into spatial and temporal parts and calculating

BoW separately for every part. For classi cation, non-linear SVMs are used.

The main focus in [35] is about creating a 3D descriptor which is a similar topic
examined in 3D-SIFT [54]. The authors in [35] argue that the 3D-SIFT description
proposed in [54] creates the problem of singularities at the poles because bins get
smaller and smaller. To solve this problem, they propose making orientation with
regular polyhedrons instead of parallels and meridians approach in the 3D-SIFT de-
scription. Moreover, the gradient calculation for different scale, they propose the
integral gradient image approach, reducing the memory requirements. However, in
my view, this paper does not propose rotation invariance as in 3D-SIFT or 2D-SIFT.

2.1.1.2 Trajectory-based Detectors and Descriptors

As mentioned before, another way of providing spatio-temporal characteristics to
interest points is by creating trajectories from the detected spatial interest points. In-
stead of nding the interest points from the whole voluntrajectory-based interest
point detectorsrstly nd spatial interest points in speci ¢ frames and secondly tracks

them along the temporal dimension with speci ¢ temporal length. In order to create
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trajectories, both KLT trackers [45, 46] and SIFT descriptor matching [29] are used.

Dense Trajectories (DT) [66] is a method that utilizes trajectory-based interest point
detectors. Differently from the previous methods in the literature, it uses optic ow
[15] for tracking instead of KLT tracking or SIFT matching. Another difference from
the previous approaches is that it uses dense sampling for interest point selection
instead of sparse selection. From the location of the detected interest points, the
algorithm de nes volumes and extracts three types of features from these volumes.
These features are Histogram of Gradient (HOG), Histogram of Flow (HOF), and
Motion Boundary Histograms (MBH). Among these features, MBH is found to be
the best compared to HOG and HOF. The success behind MBH features is the fact
that it suppresses camera motion. MBH is calculated by the rst-order derivative of
optical ow. Additionally, to these three types of features, the trajectories themselves
are added to the created descriptions. In order to provide the DT algorithm with scale

invariance, different trajectories are created from different scales.

Improved Dense Trajectories (IDT) [67] is the improved version of DT. In this im-
plementation, the homography matrix between the consecutive frames is calculated.
As a result of this estimation, camera motion components are removed from optical
ow. Homography matrix calculation is performed with RANSAC on SURF descrip-
tors. Moreover, instead of using the classical Bow method, Fisher vectors are used

to encode the information of descriptors.

All aforementioned techniques have a common drawback: The spatio-temporal fea-
tures are "hand-crafted" which means their design depends on human experience and
intuition. There is no convincing reason to make all these representations yield op-
timal results for the AR problem. The solution to this fundamental problem has
emerged in the last decade as learned representations that are obtained through deep
neural networks. The next section will examine the deep-learning-based solutions

speci c to AR research.
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(a) Architectures with respect to their convolution types(b) Feature Aggregations Techniques

(c) Input Modalities (d) Training Types
Figure 2.3: Taxonomy of deep learning methods for AR literature.

2.1.2 Deep Learning AR Literature

In this section, a general overview of deep learning methods is conveyed. For this aim,
four different categorizations are considered as presented in Figure 2.3. These four
categorizations are determined according to architecture convolution types, feature

aggregation techniques, input modalities, and training types.

For the categorization according to the architecture convolution types, there are four
approaches: 2D CNN [57, 17, 48, 69, 70], 3D CNN [62, 5, 8, 24, 16, 49, 6, 63],
separable 3D CNN and Hybrid CNN[64, 76] in which the mixture of the others can

be implemented.

For the categorization based on the input modalities, there are also four options:
video-only input (RGB Only), extracted optical ow of the video, extracted human
pose [12, 13, 78, 7] of video, and fusion in which the mixture of others can be per-

formed as two-stream and three-stream architectures.

For the categorization in terms of feature aggregation, there are three methods: recur-
rent architectures [48, 11, 13, 40] (Such as LSTM, GRU, and convolutional version of
them), attention architectures [72, 21, 20, 18, 51] (such as Transformers [65], BERT
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[9] and non-local blocks), and pooling [31, 17, 22] (such as average, concatenation,
minimum and maximum). The attention mechanism can also be performed within the

implementation of recurrent architectures [55, 58, 13, 40].

For the categorization depending on the training types, there are three methods: su-
pervised, weakly supervised, and unsupervised. The supervised approach is the most
general one for the classi cation task and all samples in a dataset have a speci c label.
Weak supervision can simply be de ned as noisy labeling. Unsupervised implies the

complete absence of the labels.

From this point, the literature for the deep learning based methods is divided into
general categories in order to emphasize the core idea of the studies for AR problem.
These are 2D CNN architectures (Section 2.1.2.1), 3D CNN architectures (Section
2.1.2.2), recurrent architectures, pooling and fusion techniques (Section 2.1.2.3), at-
tention models (Section 2.1.2.4), optical ow networks (Section 2.1.2.5), pose net-
works (Section 2.1.2.6) and weakly supervised and unsupervised techniques (Section
2.1.2.7). Note that these sections do not strictly follow the categorizations in Figure
2.3.

Itis important to note that studies from the different categories might not be unrelated
to each other. On the contrary, they can be strongly related to each other. For example,
2D CNN architectures might exist in all sub-categories. Pose and optical ow are
different input modalities, therefore they cannot be considered independently from
the architecture techniques. Additionally, most attention-based networks are utilized
with the recurrent architectures. The main aim of this categorization is to convey the

main focus of the studies and to relate similar studies to each other.

2.1.2.1 2D CNN Architectures

2D CNN architectures are trained basically with single images. However, it is pos-
sible to combine multiple frames in the channel dimension of 2D CNN architectures
and this idea is implemented for the ow stream of two-stream networks. From that
perspective, this is also in the category of optical ow networks which will be detailed
in Section 2.1.2.5.
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The breakthrough of deep learning methods for the action recognition problem starts
with the introduction of two-stream networks [57]. The proposed architecture is not a
very deep 2D CNN architecture and consists of only ve convolutional layers and two
fully-connected layers. The reason for the “two-stream" naming is the fact that there
are two streams: one stream for RGB images as an input modality while the other
one for optic ow images as an input modality. It is asserted that the RGB stream
emphasizes the appearance of the action while the optical ow stream emphasizes
the temporal information in the action. However, the temporal coverage is limited
because only 11 frames (10 optic ow images) are used within the channel dimension

of the rst layer of the 2D CNN architecture.

The methods in [69] and [70] carry the two-stream concepts to deep 2D CNN archi-
tectures. For this aim, various good practices are proposed to train these deep 2D
CNNSs. One of the practices is cross-modality training which is training the optic ow
stream with Image-Net pre-trained weights. Another proposed practice is the multi-
scale crop concept as a data augmentation technique which is convenient for action
classi cation. It is claimed that high dropout is also quite useful for training on an
action dataset.

2.1.2.2 3D CNN Architectures

The rst proposed 3D convolution architecture in the literature is C3D [62]. Be-
fore this approach, the temporal modeling with convolution was performed using an
optical ow CNN in two-stream architectures or time-domain pooling architectures;
however, they are restricted to 2D convolution and temporal information is put into
the channel dimension. The difference of 3D convolution is that kernels are designed
in 3D and channels and time information are represented as different dimensions. The

C3D architecture has 8 convolutions, 5 max-pooling, and 2 fully connected parts.

One of the successful implementations of 3D convolution is In ated 3D (13D) [5],

in which 3D convolution is modeled in a much deeper fashion compared to C3D.
There are two important novelties in this method. One of them is the introduction of
the Kinetics dataset which is larger than the previously commonly used two datasets,
UCF101[59] and HMDB51[36]. This solves the problem of insuf cient data for 3D
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convolution to some extent. In addition, the designed architecture is the direct 3D
counterpart of Inception V1 architecture, which enables to use of pre-trained Image-
net weights in 3D architecture after some manipulations. In I3D networks, 3D archi-

tectures are trained for both RGB and optical ow input modalities.

Another proposed technique that uses the idea of 3D convolution is ResNet3D [24]
which is very similar to 13D. The only difference is that instead of using the 3D
correspondence of inception architecture, it uses the 3D correspondence of ResNet
architectures. Moreover, this method examines the fact that training 3D architectures
requires more data as in the case of the Kinetics dataset; otherwise, it leads to over-
tting. Moreover, it investigates the fact that the Kinetics dataset enables performance
gains with deeper architectures as in the case of ImageNet. Different from 13D, this
technique uses a 112x112 input size compared to the usage of 224x224 input size in
I3D.

The downside of the 3D convolution architectures is their requirement for huge com-
putational costs and memory demand. One of the solutions to model 3D convolu-
tion with reduced parameter size is creating pseudo-3D architecture, which is called
Pseudo 3D network (P3D) [52] in which 3x3x3 spatio-temporal kernels are subdi-
vided into 1x3x3 spatial kernel and 3x1x1 temporal kernels. These are also known as
separable 3D convolution.

Another method that applies the separable 3D convolution concept is called R(2+1)D
[64] and it is shown that dividing 3D spatio-temporal convolutions into spatial and
temporal convolutions with the same parameter size has improved the performance
signi cantly. In their paper, the performance of mixed architectures which consist
of both 3D and 2D convolutions have also been evaluated. These mixed architec-
tures replace certain 3D convolution layers with 2D and examine whether using 3D
convolution in higher layers or lower layers is more bene cial. S3D [76] is the sepa-
rable 3D convolution version of 13D. Similar to the study of [64], [76] also analyses
the performance of mixed architectures which consist of both 3D and 2D convolu-
tions. Additionally, [76] introduces the feature gating concept which seems to be an
attention mechanism on channel dimension, which increases the performance of the

architecture.
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Another important 3D CNN architecture is Channel-Separated Convolutional Net-
works (CSN) [63], which depends mainly on the idea of depth-wise separable convo-
lution proposed in [28], which is claimed to be a good trade-off between performance
and ef ciency. CSN proposes separating the channel interactions and spatio-temporal
interactions, and CSN can be considered as the 3D CNN version of depth-wise sep-
arable convolution. CSN also investigates the group convolution which is similar to
3D ResNeXt architecture used in [24].

2.1.2.3 Recurrent Architectures, Pooling and Fusion Techniques

Pooling is a well-known technique to combine various temporal features; concate-
nation, averaging, maximum, minimum, ROI, feature aggregation techniques, and

time-domain convolution are some of the possible pooling techniques [22, 48].

Fusion frequently used for AR is very similar to pooling. Fusion is sometimes pre-
ferred instead of pooling in order to emphasize pooling location in the architecture or
to differentiate information from different modalities. Late fusion, early fusion and
slow fusion models on 2D CNN architectures can be performed by combining tempo-
ral information along the channel dimension at various points in CNN architectures
[31]. As a method, the two-stream fusion architecture in [17] creates spatio-temporal
relationship with an extra 3D convolution layer inserted towards the end of the archi-

tecture and fuses information from RGB and optical ow streams.

Recurrent networks are also commonly used for temporal integration. LSTMs are
utilized for temporal (sequential) modeling on 2D CNN features extracted from the
frames of a video [48, 11]. E.g., VideoLSTM [40] performs this kind of temporal
modeling by using convolutional LSTM with spatial attention. RSTAN [13] im-
plements both temporal and spatial attention concepts on LSTM and the attention

weights of RGB and optical ow streams are fused.

Moreover, Temporal Segment Networks (TSN) [70] is also an average pooling strat-
egy with 2D CNN architectures. Instead of training the RGB stream with a single
frame, TSN divides the video into segments, selects a frame from each segment and

some segmental consensus are satis ed by averaging the nal features of the selected
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frames. With this implementation, the false labeling problem is reduced to some
extent because the selected frame from a single segment might not contain character-

istics of the action.

Slow-fast networks [16] can be considered as a joint implementation of both fusion
techniques and 3D CNN architectures. There are two streams, namely fast and slow
paths. The slow stream operates at a low frame rate and focuses on the spatial infor-
mation similar to the RGB stream in traditional two-stream architectures, while the
fast stream operates at a high frame rate and focuses on temporal information like the
optical ow stream in traditional two-stream architectures. There is also some ow

of information from the fast stream to the slow stream.

2.1.2.4 Attention

The spatial attention mechanism is rstly used in action recognition research by [55].
Spatial attention tries to direct methods to the related spatial parts of the action. Then

spatially attended features are temporally modeled by LSTM.

Li [40] focuses on the idea of temporal modeling by using convolutional LSTM which
is proposed in [56] for radar map forecasting. Besides, it adds spatial a attention

mechanism to convolutional LSTM.

Another method that can be considered under the category of attention concept is
non-local neural networks [72]. The authors aim to create a long-range relationship
between the different spatio-temporal locations of features which cannot be obtained
by the convolution operation. The method is inspired by non-local means which

creates a relationship between distant pixels as a weighted sum of all pixels. It is
claimed that transformers [65], which is an attention-based method, is the special
case of their proposed algorithm. Their non-local blocks can be put into any CNN

architectures.

Video action transformer network [20], where the transformer is utilized in order to
aggregate contextual information from other people and objects in the surrounding
video for the related bounding box of person. In [51], the multi-head self-attention

mechanism of transformers is utilized as a self-attention mechanism in action recog-
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nition for low-resolution videos. Actor transformers [18] utilizes transformers as

an attention mechanism between the features of different actors. Differently from
the video action transformer network, the actor transformer utilizes not only bound-
ing box speci ¢ queries but also bounding box speci ¢ keys and values in the self-

attention mechanism of transformers.

2.1.2.5 Optical Flow Networks

As mentioned before, the optical ow eld (see Appendix A) is one of the important
input modalities in two-stream networks. However, extracting optic ow needs pre-
processing of the data and is more computationally complex compared to the RGB
stream. Therefore, some studies focus on reducing the complexity of extraction of
optical ow and enable end-to-end training of two-stream architecture including the

extraction of optic ow.

Zhang et al. [80] use motion vectors instead of optical ow vectors and motion vectors
are coarser and noisy compared to optical ow vectors. Motion vectors are normally
used in video compression for its fast implementation. In their paper, a motion vec-
tor CNN is trained with knowledge distillation [27, 42] which aims to train a student
network by a teacher network. Knowledge distillation aims to obtain with student
network as good performance as with teacher network with much less parameter. In-
stead, in this network, the parameter sizes of two CNN are the same but the quality of
input to the student network is worse compared to the teacher network. This imple-

mentation is claimed to be 20x faster compared to traditional two-stream networks.

Ng et al. (2018) [47] use 3D convolution to learn multi-frame optical ow extraction
and 2D convolution to learn the optical ow of 2 frames jointly with the loss for
action classi cation. It is shown that the guidance of action classi cation loss to
optical ow extraction improves the performance compared to the single usage of
optical ow loss for action recognition. The problematic side of this implementation
is that the performance of the algorithm is upper bounded by the traditional optical

ow algorithm which supervises CNN.
Wu et al. (2018) [74] try to use the information of P frames which is used in com-
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pressed video formats, like MPEG-4 and H264. In video compression, P frames are
referenced to the image frame with motion vectors and residuals. In this work, in-
stead of referencing P frames to the previous frame, they are referenced to the latest
| frame, which reduces the noisy output of motion vectors and residuals and denoted
as accumulated motion vectors and accumulated residuals, respectively. It is claimed
in the paper that with 3 input modalities (I-frames, accumulated motion vectors, and

accumulated residuals), they achieved good performances with low complexity.

Zhu et al. (2017) [81] tries to calculate optical ow with an unsupervised setting. It
claims that supervised training of optic ow is upper bounded by the performance of
optic ow extractor for the loss function. In this work, optic ow extraction is as-
sumed as an image reconstruction problem. Given an image pair, optical ow vectors
are estimated and one of the images of the pair is tried to be constructed by utilizing
both the other image and optical ow vectors. Additionally, the system is trained
with smoothness loss which are the derivatives of optic ow vectors and the Struc-
tural Similarity Index Measure (SSIM) loss. Then, this network is trained with an

end-to-end fashion with an action classi cation network.

TVNet [14] proposes a good trick to implement the TV-L1 optic ow algorithm with
CNN layers, which reduces computation time (Complexity reduction increases with
larger batch size due to parallelization). Moreover, due to the nature of the imple-
mentation with CNN layers, the parameters of convolutional Iters which calculate
the gradient of image and motion vectors and divergence of brightness difference can

be made learnable.

Representation Flow Networks [50] considers the idea of calculating optical ow
vectors from the intermediate features of CNN architectures and extends the TVNet
study for this aim. Moreover, this effort introduces the ow of ow concept which
provides a model with longer-term ow representation. The authors test various layer
outputs to nd better ow feature representations. Additionally, the idea of feature
ow is transferred from the 2D convolution domain to the 3D convolution counterpart.
Itis claimed that the nal network yields very good accuracy results with signi cantly

less complexity compared to the rival methods of it.

Sun [61] tries to use the relationship between the features of different times, which
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is similar to [50]. For achieving this, gradient information in the features (calculated
with Sobel operator) and difference information between the features are concate-
nated and conveyed to the upcoming layer. However, it is observed that it does not
yield as good performance as Representation Flow Networks [50]. This might be
derived from the fact that it lacks the iterative process as in TV-L1 (or TVNet).

Another promising idea for the utilization of optical ow information is related to
the distillation concept, namely Motion-Augmented RGB Stream (MARS) [8]. For
the distillation concept, there are two architectures which are calléelaaberand
student The main concept is guiding the student architecture with that of the teacher.
The distillation concept is utilized in the literature to decrease the parameter size and
time complexity, such that the student architecture is less complex architecture than
the teacher architecture and student architecture is aimed to yield the same results
with the teacher architecture. However, in MARS, the goal of distillation is different.
The input modalities of teacher and student architectures are optical ow and RGB,
respectively. The main purpose of the distillation is the obtainment of the similar
features between the student and teacher architectures, one is fed by optical ow
and the other is fed by RGB. As a consequence, the information of the optical ow
architecture is utilized without the burden of extracting the optical ow of the RGB

input, speeding up the architecture, signi cantly.

2.1.2.6 Pose Networks

Pose networks try to bene t from the pose of the people in a video. In the literature,
it can be observed that pose network concepts are used jointly with the attention
mechanism. One paper that uses this concept is Recurrent Pose-Attention Network
(RPAN) [12]. In this paper, some joints are grouped into parts. According to parts and
joints, different spatial attention parameters are de ned. In addition, the loss function

of spatial attention is guided by the pose map of the image.

Another paper, which uses pose attention, is Recurrent Spatial-Temporal Attention
Network (RSTAN) [13]. However, the main focus of the paper is not on the pose
attention concept as in the case of RPAN. In this paper, temporal and spatial attention

concepts are implemented jointly and attention weights are fused between two stream
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architectures which use both RGB and optic ow as input modalities.

PA3D [78] tries to use the outputs of one of the fast multi-person pose detector, called
OpenPose [2] (see Appendix B). OpenPose tries to estimate Part Af nity Fields (PAF)

which is the part information between the joints and joints themselves. PA3D uses
the features of the CNN backbone, PAFs, and joints as different input modalities. For

the nal prediction, the scores of joints, PAFs, and features are fused.

The PoTion is another method that uses OpenPose [7] joint information. Instead of
adding a temporal dimension for every joint, it encodes the temporal information by

colorizing.

2.1.2.7 Unsupervised and Weakly Supervised Techniques

Weak supervision methods and unsupervised methods are one of the crucial parts
of the action recognition, since labeling a huge amount of data is quite challenging,

while extra data is crucial to obtain better performances.

Order Predicting Network (OPN) [39] is one of the methods that use an unsupervised
method. In this work, video frames that contain the large optical ow elds are se-
lected, which is called motion-aware frame selection. Then, the frames are shuf ed
and the network tries to predict the real order previous to shufing. Another similar
work called Video Jigsaw [1] tries not only to predict the temporal order but also to
predict the spatio-temporal order such that three frames are selected and every frame
is divided into 4 patches, which makes the total number of patches equal to 12. How-
ever, instead of trying to predict dP! cases, it creates sub-samples by maximizing

the Hamming distance between the samples, which reduces the memory and compu-

tation needs.

Additionally, instead of predicting order from per-frame based features, predicting
order from the K-framed clip features is also possible, called as 3DRotNet [77]. Itis
claimed that frame chunks or clips contain more information than the group of frames
and guides the ordering network better. To highlight it more clearly, 3DRotNet uses
3D CNN s to extract features, while OPN uses 2D CNNs.
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Contrastive Bi-directional Transformer (CBT) [60] uses BERT with the Noise Con-
trastive Estimation (NCE) loss. In this paper, 3DRotNet is trained with the S3D
network by using the same unsupervised method in 3DRotNet. Additionally, by uti-
lizing the extracted 40 features from the 16-framed clips, longer context is learned,

which makes the representations more temporally informative.

It is shown in the I3D method [5] that training UCF-101 and HMDB-51 from the
ne-tuned model from Kinetics yields better performances compared to training them
from scratch. The question that comes into mind is whether a larger dataset than Ki-
netics might be more bene cial for learning better representations for AR problems.
However, there is no larger dataset for the time being to test this hypothesis. [19]
considers testing this using weak supervision. Weak supervision can be thought of as
noisy labeling. In this paper, four datasets from Instagram videos have been created
using the hashtags. The maximum amount of video among these datasets within this
study consist of 65M videos which is about 200 times larger than the Kinetics-400
dataset. In this paper, the effects of various factors on the performance are analyzed
such as the dataset types, the number of labels, and the pre-training data format. As

the convolutional architecture, R(2+1)D [64] has been chosen for the experiments.

2.2 Prominent Deep Leaning Based Methods in AR Literature

This chapter examines the following concepts in detail: Bi-directional Encoder Rep-
resentations from Transformers (BERT), group convolution and depth-wise convolu-
tion, 3D convolution, separable 3D convolution, non-local neural networks, SlowFast
networks, motion-augmented RGB stream networks (MARS), multi- ber networks
(MENET), and temporal shift modules (TSM).

2.2.1 BERTI9]

Bi-directional Encoder Representations from Transformers (BERT) [9] is a bidirec-
tional self-attention method, which has signi cant superiority over other attention-
based methods for Natural Language Processing (NLP) tasks. The bidirectional prop-

erty of this method provides BERT to fuse the context from both directions, instead of
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relying upon only a single direction, as in former recurrent neural networks or other

self-attention methods, such as Transformer [65].

The single head self-attention model of (BERT or Transformer) is in general formu-
lated as:
1 X

a(x)f (xi; Xj); (2.1)

8

wherex is the embedding vector that consists of extracted visual feature of the current
frame and its positional encodingindicates the index of the target output temporal
position and de nes all possible combinations; ait(x) is the normalization term.

The functiong( ) is the linear projection inside self-attention mechanism of BERT,
whereas the functiof( ; ) denotes the similarity betweeq andx;. The function

f (; ) can be explicitly written ab(x;; x;) = softmax (xi)" (x;)), where the func-
tions () and () are also linear projections from the learned feature space. The

outputs of (), () andg() functions are known as key, queue and values.

Similar work for action recognition is implemented by using the technique entitled
as non-local neural networks (NN) [72]. A non-local NN uses a similar concept in
every bottleneck block of ResNet, except the last block by using 1x1x1 CNN lIters
in order to realizey, , and functions. However, BERT exploits matrices in order to
realize the same functions, utilizes the multi-head attention concept in order to create
multiple relations with self-attention, and utilizes the positional encoding concept in

order to preserve the position of the words.

In Natural Language Processing (NLP) tasks, multi-head attention is used to learn
multiple relations. For example, homophone words are projected into the same em-
bedding. Therefore, there should be a need to learn multiple relations. Contrary to
RNN-based methods, the positional information of the words is lost because of the
summation term in 2.1. Therefore, positional encoding is applied in a way that po-

sition vectors (or embedding) are added to the feature vectors or word embedding.
Positional embedding can be made learnable or xed. In the original paper that pro-

poses the Transformer concept, it is argued that making it learnable does not make
any difference; however, in BERT paper [9], learnable positional encoding increases

the performances.
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Figure 2.4: Masked LM in BERT [9]

The training of BERT consists of two stages. These stages are pre-training and ne-
tuning. In the pre-train step, BERT is trained in an unsupervised manner. The pre-
train stage is performed by a method called Masked LM (MLM). In this stage, some of
the tokens of the words are replaced by a mask token. Then all of the words (masked
or unmasked) are tried to be predicted by the BERT approach. Moreover, during the
pre-train step, two sentences are given, which are either next to each other or irrelevant
to each other and the proposed method is expected to predict that whether these are
next to each other or not. For different sentences, segment (or sentence) embedding is
added in order to provide the information about the relationship of words to sentences.
For the prediction of the next sentence task, an extra classi cation token is added.
From that position or index, the classi cation is performed. The MLM procedure in
BERT is illustrated in 2.4.

2.2.2 Group Convolution and Depth-wise Convolution

Group convolution and Depth-wise convolution (DW) can be perceived as a way of
making the architectures with fewer parameters and more computationally ef cient.
Group convolution and depth-wise convolution are related to each other. Depth-wise

convolution is a special case of group convolution.

The illustration of group and depth-wise convolution is presented in Figure 2.5. The
main concept for these convolutions is reducing the channel interactions for better
ef ciency. Only the channels within the group interact with each other. DW is a
special case of group convolution where the number of groups is equal to the number

of channels. In group convolution, the dimension of the Iters changes €gmhxw
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Figure 2.5: The demonstration for group and depth-wise convolution. Each circular
node represents an input or output channel [63]. (a) A conventional convolution, the
number of group is one. (b) Group convolution, where the number of groups is two in
the gure. (c) Depth-wise convolution, the number of groups is equal to the number

of channels and it is four in this example.

to CKixhxw whereC;i, is the number of input channelsandw are the horizontal and
vertical dimensions of the Iter, an is the number of groups. In group convolution,
both the number of parameters and computational complexity is reduced ko-time

of the conventional convolution. A better demonstration of the comparison between

conventional and group convolution is shown in Figure 2.6.

However, it should be noted that reducing the channel interactions is not a good prac-
tice because the channels might contain complementary information and it might be
processed jointly. Especially, in depth-wise convolution, the channel interactions are
reduced to zero. Therefore, the depth-wise convolution is utilized within the con-
cept of depth-wise separable convolution where the 1x1 channel convolutions are
performed after 3x3 depth-wise convolution. Depth-wise separable convolutions are
proposed in MobileNet architectures [28] as ef cient CNN implementations. Sim-
ilarly, the group convolution is applied only to 3x3 lters in bottleneck blocks of
ResNet architecture and 1x1 convolutions are implemented conventionally (see Fig-

ure 2.10 for the bottleneck block of ResNet architecture).

2.2.3 3D Convolution

The contribution of 3D CNNs on the AR tasks is very crucial. For example, accord-

ing to the 13D paper [5], the utilization of 3D CNNs has increased the performance
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Figure 2.6: Conventional (Top) and group (Bottom) convolution operations. The
image is from Towards data science: Comprehensive introduction to different types

of convolutions in deep learning

with approximately 9% and 8% compared to 2D CNNs and LSTM-based architec-
ture on the Kinetics dataset, respectively, all utilizing the Inception-V1 architecture.
The reason behind the success of 3D CNN is the fact that the temporal information
is utilized hierarchically and in an order similar to the spatial information. The pool-
ing methods or recurrent neural network methods create temporal relations only at
the nal stage, which lacks successful temporal modeling. However, it should al-
ways be remembered that 3D convolution has quite a high number of parameters,
which requires a huge training dataset in order to obtain successful performances.
For example, in the same paper, it is reported that training from scratch and Kinetics
pre-trained Two-Stream 3D CNN has obtained 66.4% and 81.2% performances on
the HMDB51 dataset, respectively. This fact emphasizes quite clearly that the dataset

is of great importance to bene t from any 3D CNN architecture.
Conceptually, the standard input training data format in 2D convolution consists of

25



Figure 2.7: Depth-wise separable convolution. The image is from Eli Bendersky's

website: Depthwise separable convolutions for machine learning

B;Cin;H; W, whereB, Ci,, H, W are to denote the batch size, the number of input
channels, the dimension of height and width, respectively. The Iter sizes can be
de ned ashxw whereh andw are the lIter height and width, respectively, and the
real lter size is Cj, xhxw if it is not group or depth-wise convolution. The output
of every2D convolution Iter has a dimension dx1xHxW. In 3D convolution,

the standard input data formatls Ci,; T;H; W, whereT is added as a temporal
dimension (i.e. video frames). The Iter sizes can be de nedxdsw where t is the
temporal length of the 3D lter, and the real Iter size &, xtxhxw. The output of
every 3D convolution Iter has a dimension Bfix1xTxH xW. The different between

2D and 3D convolution can be seen in Figure 2.8.

26



(a) 2D Convolution

(b) 2D Convolution on multiple frames

(c) 3D Convolution on multiple frames

Figure 2.8: 2D versus 3D convolution [62]

Mainly, there is two popular 3D convolution architecture category. There are Incep-
tion based and ResNet based since there are also popular 2D CNN architectures and
using them enables the utilization of Image-Net pre-trained weights obtained in im-
age classi cation which is a more mature area compared to the AR. To bene t from
Image-Net, it is possible to consider pseudo-video which consists of the same frame
repeating itself. Then, the weights in 2D CNN lters are repeated in temporal dimen-
sion with?1 normalization factor whereis the temporal dimension of the 3D lter.

As a consequence, the output of 2D CNN with the frame is the same with the output
of 3D CNN with the pseudo-video which consists of the repeating same frame. In
[5], it is also shown that starting with Image-Net yields better performance compared

to starting from scratch.

However, it should also be denoted that the Kinetics dataset is suf cient and utilizing
Image-net pre-trained weights as explained in the previous paragraph does not yield

considerable performance improvements.
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(a) 3D Inception module (b) 3D Inception-based CNN architecture: In ated 3D (I13D)
Figure 2.9: Architectural information about 3D Inception network [5]

2.2.3.1 Inception Type Architectures

The inception-based methods consist of Inception blocks. There are two important
aspects of this block. The rst aspect is that it concatenates the outputs of differently
sized lters, which creates diversity in the output. The second aspect is that before
applying differently sized lters, it applies point-wise convolution, which reduces the
size of the parameters of the network. The point-wise convolution is implemented
with 1x1 sized Iters. The 3D Inception module used in [5] is given in Figure 2.9a.
The overall architecture of Inception-based 3D CNN architecture, namely In ated 3D

(I3D) can be examined in Figure 2.9b.

2.2.3.2 ResNet Type Architectures

The ResNet-based methods consist of basic or bottleneck blocks and these are two
and three convolution operations, respectively [25]. A bottleneck block increases
the number of lters with expansion size compared the basic block. These blocks
gets the input, and apply a functidr( ) and adds to itself, which can be shown

in mathematical terminology as+ f (x) or g(x) + f (x), whereg( ) is optionally
applied where there is mismatch in channel sizes. Basic and Bottleneck blocks of 2D

CNN architectures are shown in Figure 2.10.

ResNeXt [75] is a ResNet type architecture which includes a group convolution im-

plementation (See Section 2.2.2 for more information about group convolution). The
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Figure 2.10: Basic (Left) and Bottleneck (Right) blocks of ResNet architecture [25]

group convolution lter sizes aré&xhxw in 2D convolution or&e-xtxhxw in 3D
convolution, whereK is the number of groups and called cardinality of the archi-
tecture. It has been denoted that the ResNeXt-50 gets 1.7% higher results compared
to ResNet-50 in Image-Net, which have nearly equal parameter sizes [75]. It is also
shown that 3D ResNeXt is better than 3D ResNet architecture in activity classi cation
tasks obtained on Kinetics-400 dataset [24].

Channel Separated Convolutional Networks (CSN) [63] is the depth-wise convolu-
tion version of 3D ResNet (see Section 2.2.2 for more information about depth-wise
convolution). There are two proposed CSN architectures. The difference between
the two architectures lies in the implementation of bottleneck blocks. These bottle-
neck blocks are called as Interaction-preserved channel-separated bottleneck block
(ip-CSN) and Interaction-reduced channel-separated bottleneck block (ir-CSN). ip-
CSN adds 1x1x1 convolution before the depth-wise convolution in order not to lose
the relationship between the channels. The bottleneck blocks of ip-CSN and ir-CSN
is visualized in Figure 2.11.

2.2.4 Separable 3D Convolution

Separable 3D convolution is the two-step implementation of classical 3D convolu-
tions such that 3D convolution which has a lter size@f, xtxhxw is replaced with
the successive implementation of spatial Iters which have siz€px1xhxw and
temporal Iters which have size dfi, oxtx1x1, respectively, an&;, , is equal to the

number of lter of spatial Iters before the temporal Iters. The 3D convolution and
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Figure 2.11: Standard and CSN bottleneck blocks. (a) Standard block. (b) ip-CSN
block. (c) ir-CSN block [63]

separable 3D convolution is shown in Figure 2.12.

The pioneering work in this area is Pseudo-3D Nets (P3D) [52]. The traditional 3D
bottleneck and proposed bottlenecks are shown in Figure 2.13. The performances
are relatively close to each other, but the performance of P3D-A is a little bit higher,
while it is a little bit less complex compared to others. Moreover, it is also possible
to use all of them in the same architecture by following some order. It is claimed that
using in the order of P3D-A, P3D-B, and P3D-C and again, increase the performance

a little bit more compared to using only one type.

R(2+1)D [64] is another prominent work that follows the same idea with P3D. Ad-
ditionally, R(2+1)D tries to analyze mixing 3D and 2D convolutions in the same
architectures. It has been shown that R(2+1)D shows the best performance among
all mixture variations of 3D and 2D CNN convolutions with the same number of lay-
ers. The bottleneck blocks utilized in the architecture are the same as the blocks of
P3D-A. The 3D basic block of ResNet is also modi ed similarly. They argue that one
of the positive aspects of separable 3D convolution is that it doubles the number of
non-linear functions for the same number of parameters, resulting in learning more
complex functions. Also, it is claimed that separable 3D convolution facilitates the

optimization of the architecture.
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Figure 2.12: (a) Conventional 3D convolution. (b) Separable 3D Convolution [64]

Figure 2.13: Proposed alternative separable 3D convolutional bottleneck blocks [52].

A quite similar idea is implemented in S3D architecture [76] which is the implemen-

tation of separable 3D convolution on 13D architecture.

In order to give more detail about the architecture of R(2+1)D [64], the classical
spatio-temporal 3D convolution which has a lter size of 3x3x3 is converted into sep-
arable 3D convolution which consists of spatial convolution which has a lIter size of
1x3x3 and temporal convolution which has a Iter size of 3x1x1, respectively. In the
utilization of this separable convolution, there is also a hyperparameter, namely the
number of mid-plane channels, which is the number of channels between the spatial

and temporal Iters in separable 3D convolution. The number of mid-plane channels
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