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Abstract:- In this world of advanced technology where everything is
devel- oping at a very fast pace, video processing has become
extremely important for various reasons. It has also become important
so that various kinds of videos including surveillance, social and
informa- tional videos get themselves into day-to-day life as well as into
our environment. By video captioning various objects can be identified,
video can be summarized and describes, data can be searched. Also, it
can help blind people by describing the events happening around them
as well as it can help in military operations and surveillance by
detecting threats and help weapons and soldiers to destroy them. Video
caption generator uses video encoder as well as caption de- coder
framework. In this research paper we have discussed the two models,
first one is Hierarchical model and second one is Multi stream
hierarchical Boundary Model. The Hierarchical model is combined
with steered captioning. Hierarchical model can basi- cally capture
clip level temporal features from clips at fixed time steps to show a
video. A fixed hierarchy model is taken with a soft hierarchy model
with the help of intrinsic feature boundary cuts in Multi-stream
Hierarchical Boundary model to define clips in a video whereas
Steered captioning model is the attention model in which visual
parameters are used to lead an attention model to appropriate
locations in video. In this research a parametric Gauss- ian attention is
also discussed. Fixed length video streams which are required by soft
attention techniques is a limitation which is removed by Gaussian
attention techniques.

1 INTRODUCTION

Machine Learning is a very vast subject and also subset of Artificial
intelligence. Deep Learning can be described as subset of Machine
learning, that is capable of learning from unstructured and unla-
beled data. In recent times Deep learning has drastically changed
the world of Computer Vision. By using the features of deep learn-
ing features and representations, machines can give comparable
or better performance than human beings in object recognition,
image classification and video segmentation, but still there are de-
velopments needed in segments like image and video captioning.
Video captioning becomes very difficult as there are complex scenes
in videos and diverse kinds of objects are present around which
sometimes causes problem for captioning. Also, there is a problem
with video captioning that is the video stream with nature of high
temporal dependencies. Challenging all these difficulties various
models and architectures have been proposed due to which research
in video captioning is going further and motivating people to carry
researches forward. This research also got motivation from various
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researches carried out in recent past and we have built upon them
robust captioning frameworks by which generation of captions for
simple as well as complex videos is made possible.

2 CONVOLUTIONAL NEURAL NETWORK
Deep-Learning algorithm include Convolutional Neural Networks
that taken image as inputs and identify various objects and also
tell differences between various objects present in the image. Con-
volutional Neural Networks (CNN) are that type of network that
emphasis mainly on data that has grid-like topology. CNN are
adapted in numerous architecture that has architecture that in-
cludes image recognition or we can say object detection and they
are successful in such practical application projects. CNN can over-
come the limitations of any other conventional methods already
present in image-related tasks with the help of its small filter size
and its ability to understand the in-depth representation of input.
We need to study convolution, pooling and activation functions in
order to get to know of CNN’s functioning in a better way.

2.1 Convolutional Layer

Convolutional layer which accounts for most computational opera-
tions is the most important part of Convolutional Neural Network
(CNN). This layer is useful for extraction of both high-level fea-
tures as well as low-level features. High-level features has edges
and input from image where as low-level features include color,
grade-orientation and edges, etc. To get full convolution, input
element-wise is multiplied to numerous numbers of tiny sized slid-
ing windows (kernels or filters) which are used by every Convolu-
tional Layer. Let us take an example, 32 x 32 x 3 is the size of the
input RGB CI-FAR-10 image. 5 x 3 x 3 is the size with 16 filters and
stride 1 of very initial layer, the output of 28 x 28 x 16, in which
the image in example is to be convolved. The image is padded with
zeroes so that output dimension can be made similar to the input
dimension. To control the output volume there are three hyper
parameters in convolutional layer namely, number of zero padding,
depth and stride. The sliding of filter through the input is controlled
by the stride, size of stride is inversely proportional to size of out-
put spatially. Number of filters chosen is the depth, here some new
features are learnt by filter from the input. To save size of input
volume, zero padding is used.

2.2 Pooling Layer

Pooling layer has the job of reduction of the dimensionality of the
network. They are inserted between each convolutional layer at
regular intervals. Also, this layer is very much useful in maintaining
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Figure 1: ReLU function

effective model training by using important features that includes
rotational and positional invariant. Pooling Layer is of two types,
the first one is Max-Pooling and the other one is Average Pooling.
Max pooling gives highest value of that part of image which is
camouflaged by kernel and also performs dimension reduction. Due
to its noise suppressing property it is also called Noise Suppressant.
Now talking about Average pooling, it performs dimensionality
reduction and also returns that average values from the image which
are covered by Kernel. After observing both types of pooling it has
been observed that performance of the former i.e., max-pooling is
much better than the latter i.e., average-pooling. The k-th layer of
Convolutional Neural Network consists of Convolutional Layer and
of Pooling Layer. The count of Convolutional Layer can be varied
on the complexity of the image. To capture the low-level details of
the image the number of Convolutional Layers can be increased
but it requires more computational power

2.3 Activation Functions

No-linear activation functions are inserted between each layer
with the help of neural networks. After the first introduction of
neural networks many non-linearity functions. There are functions
which are Sigmoid functions, tanh (hyperbolic tangent) function
and rectified Linear functions. The last one is the most popular one
in current architectures and does not include complex computations
functions like sigmoid or tanh functions.

3 RNN (RECURRENT NEURAL NETWORKS)
Recurrent Neural Networks (RNN) is a form of neural network.
The RNN mainly deals with the data which are in sequence, i.e

uential Data. RNNs process data with temporal dependencies
%reas (%I\Riis process st%tlc ataatasingleti eal%ng |t?1 matrix

S
Wi
of values like images. Recently RNNSs are widely used in variety of
applications like language moulding, image captioning and speech
recognition. In this project we will use LSTM and RHM(Types of
RNN).
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Figure 2: Expanded form of RNN [2]
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Figure 3: Inside LSTM module [2]

3.1 Vanilla Recurrent Neural Network

Vanilla Recurrent Neural Network is an example of simple RNN.
RNNs attempts to learn conditions of information groupings. In
Recurrent Neural Networks, next step input depends on previous
computation

If at any time z input is z, then the invisible state 4, at given
time z is given by:

he= f(U yz + Whe-1)

[10] where f - non-linear function, Then output will be calculated
at step t. Now if we have to guess the upcoming word in the given
sentence, we will quantify the probability of words from the whole
collection of words:

Or = sof tmar(Vsy)

Now network in figure can be illustrated as:

3.2 LSTM (Long Short Term Memory) Network

Long-Transient Memory (LSTM) engineering is proposed by Hochre-
iter et al for tackling evaporating and detonating inclinations issue.
It deals with cell states and gates. There are different types of gates
which is used to monitor the stream of information with in the cell.
The name of doors are neglect entryway(Forget gate), input en-
tryway(Input gates) and yield entryway(Output gates). The forget
gate tells whether the cell state information will be ignored or not.
When output value of sigmoid function is 1, it means that it should
be kept else if it is O, the forget it. Where /is calculated by:

ﬁ = H'(PV/h/—l + ///I/ + ﬁ/) [10]

mrﬁi%f sigmoid function, &/ /I// - learnable weight matrices

hs 1 - past secret territory of LSTM cell.
The input gate / tells whether the information is stored in the
cell state. The sigmoid function that decides value to be updated is:

i = (Wihe-1 + U + 4)[10]
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Figure 4: RHN layer inside the recurrent loop [3]

Memory cell state £ at time any t can be calculated as:
G =tanh(Wou + Uhe-1 + &), fowrth
The Memory cell state £ is updated and now:
G=4%xG+ f*C-1, fourh

Above equation plays major role in solving vanishing gradient
problem in RNNs. Finally, output is given by the output gate:

Or= Wy + Uphe-1 + by) hy
= 0 x tanh(&})

3.3 Recurrent Highway Network

Apart from vanishing and exploding gradients to create depth for
the preparing of repetitive organizations by placing different layers
to create depth is also a problem with traditional RNNs. To solve
this problem, Recurrent Highway Network is introduced by Zilly
et al [3] which helps in train deeper model with less variables. In a
RHN cell there are many expressway (Highway) layers each with
two entryways(gates) the change(Transform) and convey(Carry)
door. Now at any given time t, assume input is 7 then output is
given by:

M=o 04 1 1 10]
/ / /-1 / /
WY = tanh (.1 ey + R+ 4) [10]
i _ 0 ML

/-1
M = tanh w0 1y + 225 Loy 110]
/ /-1

In this paper, We will use a type of Recurrent Highway network to
check the against LSTM performance.

4 VIDEO CAPTIONING

Progess in Deep Learning video domain and its sub parts i.e Video
captioning is progressed with progress in image domain part. Previ-
ously video captioning depend on withdrawing semantic contents
like verb,subject,object and also linking it with optical elements.
To get probability we will form a Factor Graph Model and then
to the receive best mixture of verbs, object and subject to make a
sentence template. Context and activity of previous work is limited
to small vocabulary of activities and objects.Video-sentence pair
in now available with rich language, recent research have shown

the working of Neural Networks on videos to directly model the
languages. Video classification is now widespread in Deep neural
network construction.

In the beginning video representation is done by mean pool
feature for video captioning in recurrent neural networks.Encoder-
decoder is an alternative approach for it where | frames are encodes
first,one at a time to the LSTM first layer of two layer, where variable
length is I.Natural language sentence is decoded from that latent
representation with one word at a time, one time step output is
feeded to the LSTM second layer in the mean time.S2VT has been
showing this.

In the beginning attention mechanism was proposed and used
in the context of video captioning.On Text generating recurrent
network this permit the choice of applicable temporal segments of
video conditioned.Over the parts geometric attention is shown in.In
which they escort the word generation to explore the particular
parts of image by using last convolution layer output.A bonus of
selecting the image area proportional to the required sentence is
represented by reinforcement learning which is a hard-attention
mechanism.To enhance the image captioning semantic attention is
used by selecting separate list of word attributes have mentioned
that create better captions by inserting tags or video attributes.Its
difficult to get contents and rich attributes for videos that can also
categorize objects with actions as tag selection or attribute is not
instructed along with the language model.

Just now,at sentence and word level video captioning is widen to
generate paragraph with the help of recurrent networks.Before gen-
erating words video can be encode in an embedding with the help of
Hierarchical recurrent networks .Learnable parameters are also in-
creased to apply attention over multiple stages like regional,global
and local.

All these methods are only applicable when video sentence
paired data is present on big scale.In the explanation of knowledge
transfer for image captioning from set of image and independent
language. This theory is weakly inspired from the research of im-
proving the generating quality of captions with visual concepts
of sentence independent. In opposite to this our model of tradi-
tional soft attention teaches independent temporal video concept
for attention.

Our progress is more over from video captioning from model

of soft attention.Using Gaussian spread over video, length we can
augment the attention mechanism by parameterizing.To remove

dependency from model on video duration we use sigma and mean
values of distribution By this multiple sentence can be generated

on per video on temporal data augmentation is allowed.Gaussian
filters are limited to activity classification and for word generation
the use of attention is limited because of its equally spaced attention
filters.

4.1 Encoder-Decoder models

In the beginning phase, videos are represented with mean pooled
feature for captioning of video using Recurrent Neural Networks
(RNN) as shown in figure 5.The average of all feature array is LSTM
layer input[5]
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Figure 5: Mean-pool architecture [5]

Figure 6: HRNE Model [1]
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Figure 7: S2VT Model [6]
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where v, - output of CNN encoder. Capability of exploiting and
recognizing the temporal dependencies between frames because
all the arrays are treated with the equal essential and mean them

up like this. In Encoder-decoder approach | frames are encodes
first,one at a time to the LSTM first layer of two layer, where variable
length is I.Natural language sentence is decoded from that latent
representation with one word at a time, one time step output is

feeded to the LSTM second layer in the mean time.

Figure 6 shows hierarchy in different stages.Complex temporal
structure of video can be effectively by this model.In tasks of video

captioning this achieve higher captioning scores (METEOR, BLEU).

It is not like stacking several layers of LSTM, the input is (X1,X2,..X/)
separated into various chunks (X1,X2,..X») (X1 s.X2.5,.Xz 5) 4

(xr 22X 2 ,.X;) where s is the distance between two adjacent
chunk Then output of one of the layer(1st) is passed as input to
another layer. This come out to be successful method.

4.2 Soft Attention

Video is encoded with by mean of pixels or feature in all rills present
in video.Then the output of this is passed into Image-Net pretrained
CNN. But only limitation is that it has decrease the strength of
learning temporal structure.To overcome this problem we use soft
attention mechanisms, where one input is processed at time.In
Soft attention we combine weights together of all frame level fea-
tures,where word decoder affect weights. Un-normalized relevance
of /* temporal feature at decoder time step t and sequence of
feature vector V=(v,v2,..v) is calculated as:

;= wtanh(Wohi-1 + Uany + 4,) [6]

where h; 1 - invisible state of the decoder at previous time [10], v/

- vector representation of frame features of i”* frame, w, %/, &y, 4
- learned parameters.

After calculating relevance score, dynamic weight 2 are cal-

/

culated as:
6]
1Z94A\4
A = )

- n

T o)

And then weight sum of temporal feature vector is computed as:

0N = 5]

=1
5 METHODOLOGY

5.1 Gaussian Attention(GA)

Gaussian Attention can be defined as a technique to remove limi-
taions of the generic soft attention modals.The Gaussian Attention
mainly aims to replace the Soft Attention technique. GA also have
many advantages over SA, some of them are like fewer parame-
ters and better captioning performance. To obtain the relevance
score, we will model the input sequence with Gaussian Distribution.
The decoder filter’s the encoder sequence at each time. The input
sequence is weighs by the GA on the basis of temporal location
and the average and standard deviation model the shape of the
distribution. To calculate a discontinuous free relevancy score &”
across the entire sequence of input, we adopts a function:

N
= mhdle,” T7)N0]

=1 . . .
where N - number of Gaussian’s, ;- mixing coefficient, " - unique
;
mean, f/ -co
variance matrix.
5.2 Attention Steering

Normal Attention model uses the collections of weights and during
the training of the model they learn. And at the time of testing,
the attentions are guided by weight matrix and that’s the reason
for limiting of attention mechanism. Mostly the video captioning
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Figure 8: Distribution of Frame level features

data set possibly do not have a comprehensive represention of the
activities and objects. Like "Eating of banana" is semantic action
which is likely to appear at start of the video, then the trained model
may show similar trend in the testing video. To get the more video
oriented attention, we will make the web to watch the total video
before going through the particular portion of the video. and we
will add temporal concepts throught out the portion of the video.
There are many ways to encode the details / summary of the video,
but we will be using an LSTM network. LSTM is an architecture of
artificial RNN and have the ability to remember the segments of
the video but we have to made it retain both, the relevant frames
and the context of the whole video. For the detailed attention, the
latent representation of video is required but this restrictions of
LSTM make it difficult. To tackle this situation we will use the
temporal attention steering, which will guide the attention on the
basis of the features of the test video. We did some research on
the use of word label embeddings of the objects. We will we using
Image-Net classifiers. Large no. of objects should be represented in
the wild videos. We will we using a bottom-up grouping technique
to deal with the over specifics class problems. A Phrase describes
the object and whole scene of the context. In multi-object videos,
identifying the individual object from the scenes is very challenging
task. To tackle this challenge we will be using Edge Box. This will
help us in getting the bounding box region of each frame. We
will be computing the glove word embedding of Image-Net CNN
class. The character embedded vectors is a Average Pooling to get a
frame tag depiction. We came across the fact that Average Pooling
class tag embeddings are wealthy in the meaning of words and
sentence information’s and are very close veracity sentences. Using
the embedding word technique also reduces the dimensionality of
features and hence resulting in reduced no. of graspable parameters.
Frame CNN features can also be used directly instead of temporal
word.

5.3 Video-2-vec representation

After the steering procedure, embedded word vector depiction of
the video will be given as input to the captioning model. Word con-
cepts and video level feature are important features. The Video2vec
transformation is done through an embedding function /: / S,._This
embedding function maps the video with the frames.

5.3.1 Video2vec Activity. We will be using Activity-Net Classifica-
tion dataset, as it will help the model to learn action and motion
concepts. This dataset basically cover the broad range of human’s
complex activities. This dataset contain approx. 900 video hours
spread across 300 activity classes. The videos which are labeled will
be helpful in training a normal video based activity classifier. These
videos are excellent for transfer learning feature for Microsoft Re-
search video description Corpus and Microsoft Research Video to
Text dataset. All videos in the dataset are collected from different
websites which shares their video. We will be training 2 models,
first model using RGB and second model is Optical flow inputs. We
will be using Video-2-vec activity as feature before the loss layer
and then the last connected layer is fine tuned during its making.

5.3.2 Gaussian Attention Hierarchy. We will integrate the proposed
neural encoder with the Gaussian Attention. This will help the
recurrent layer add more non-linearity to the Gaussian Attention
model. To make the easy back propagation of loss, we will step the
invisible state of LSTM in I-I layer to input to layer |. To distinguish
between sequence of short clips of videos, the first layer is trained
to learn temporal dynamics (Local), which are in between the short
clips, and then the second layer is trained. The output of the entire
video is in form of vector, which is also the output of the second
layer.

5.4 Shot Boundary detection

From the CNN model, the feature which we extract will help in shot
change spotting between two shots, in rills of videos. The cosine
distance (DELTA), between two consecutive CNN feature vector
frames ; & ay can be defined

_dr.dy

Az ) = coslar, @y ) = |ar | 2]

where A ranges from (0, 1), higher value means higher probability

of a boundary cut. Cosine distance do not need additional steps to
normalize unlike Euclidean Distance.

5.5 Multi-stream Hierarchical Boundary Model

The video stream will be given as input to the encoding stage and
the local features (x1, X2, X3, ... X) will be given to first layer. These
two layers then provide us a output as a 2 vector sequence. First
one is equally spaced [wi1, w2, w3 W,]. and second one is clip
levels [z1, z2, z3,  z,] The first equally spaced vector sequence get
M output. These M outputs were given by the first layer, where
M =n/k, n - feature count(input), k - designed stride value. the
second clipped level vector sequence make use of the information
on the short boundary, which will be lead by a learned vector. This
learned vector is based on cosine distance:

2= 180G ) W + 1) 6]

where /%, - learned weights , 4,, - learned bias, y, - output of
first layer of each time step. Figure 8, show that how video will
be encoded by combining the equally spaces and clipped level
vector characteristic. To provide input to caption decoder, we will
provide a blend of frame level, equally spaced sequence and clipped
level(Detected Boundaries) vector sequence. The model will modify
the boundary weights, at each time step, to draw out the details
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Figure 10: Video Captioning model using Gaussian Steering[10]

from the parts of the video, this will very efficient in encoding the
videos which are complex in nature.

5.6 Gaussian steering model

Attention steering, Video2vec encoder and Gaussian Attention are
the main components of our video captioning framework. The in-
put to sentence generation engine is given from all the 3 main
components to generate the sequence of meaning words. For the
generation of sequence like natural language sentence RNN is the
natural choice. There are certain limitations of RNN such as vanish-
ing and exploding gradient problem, to overcome this limitation we
will be using LSTM variant of RNN, this will help in generating the
sentence by learning, by using short temporal and long temporal
technique.

6 CONCLUSION

In recent years video caption generation techniques has made ad-
vancements due to works in various deep-learning techniques and
has proved to a milestone in the accuracy of video captioning. Im-
age retrieval efficiency which is based on content can be improved

by text description of the video which is divided into images. In this
paper a hierarchical framework is introduced for getting into the
video and video attributes and length of video are used as features to
get the attention. Also, in this paper multi-stream captioning us be-
ing described that can handle simple as well as complex videos and
generate their captions This project has further scopes expanding
to various applications in security, surveillance, military, medicine
and for visually impaired persons etc.
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