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ABSTRACT

KEYWORDS: Video Classification, Efficient Computation, Deep Learning, Re-

inforcement Learning, Knowledge Distillation, Frame Selection,

Model Compression

Recently, there has been a lot of interest in building compact models for video classifi-

cation which have a small memory footprint (< 1 GB) (Joonseok et al., 2018). While

these models are compact, they typically operate by repeated application of a small

weight matrix to all the frames in a video. For example, recurrent neural network based

methods compute a hidden state for every frame of the video using a recurrent weight

matrix. Similarly, cluster-and-aggregate based methods such as NetVLAD have a learn-

able clustering matrix which is used to assign soft-clusters to every frame in the video.

Since these models look at every frame in the video, the number of floating point opera-

tions (FLOPs) is still large even though the memory footprint is small. In this work, we

focus on building compute-efficient video classification models which process fewer

frames and hence, have less number of FLOPs. To achieve this goal, we use the idea

of Knowledge Distillation albeit in a different setting. Specifically, a compute-heavy

teacher which looks at all the frames in the video is used to train a compute-efficient

student which looks at only a small fraction of frames in the video. This is in con-

trast to a typical memory-efficient Teacher-Student setting, wherein both the teacher

and the student look at all the frames in the video but the student has fewer parameters.

Our work thus complements the research on memory-efficient video classification. We

do an extensive evaluation with three types of models for video classification, viz., (i)

recurrent models (ii) cluster-and-aggregate models and (iii) memory-efficient cluster-

and-aggregate models and show that in each of these cases, a see-it-all teacher can be

used to train a compute-efficient see-very-little student. The student network, in this

case, looks at a fixed number of uniformly spaced frames in the video. We evaluate our

model on YouTube-8M dataset and empirically demonstrate that the proposed student

network can reduce the inference time by 30% and the number of FLOPs by approxi-
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mately 90% with a negligible drop in the performance.

Encouraged by these results, we ask the next logical question: “Instead of uniformly

sampling frames from the video, can we dynamically select the most important frames

in the video?” To do so, we train a reinforcement learning (RL) agent to select the best

frames which improve the final reward in terms of the classification loss. However, we

observe that the model learns to select frames that are located in the neighborhood of

uniformly spaced frames. On further investigation, we realize that this may be due to

the specific nature of the dataset that we used which contains multiple labels per video.

These labels correspond to different portions of the video and hence it may be prudent

to look at frames across the entire video instead of zooming into a particular fragment.

In other words, given a budget for the number of frames to be selected, it seems it is

hard for the RL agent to do something better than simply picking up approximately

uniformly spaced frames.
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ABBREVIATIONS

AI Artificial Intelligence

A3C Asynchronous Advantage Actor-Critic algorithm

BPTT Backpropagation Through Time

CVPR Computer Vision and Pattern Recognition

CG Context Gating

CNN Convolution Neural Network

DL Deep Learning

ECCV Europian Conference On Computer Vision

FLOP Floating Point Operation

FV Fisher Vector

GAP Global Average Precision

GPU Graphics Processing Unit

HOG Histogram Of Oriented Gradients

IITM Indian Institute of Technology, Madras

LSTM Long Short Term Memory

MDP Markov Decision Process

mAP Mean Average Precision

ReLU Rectified Linear Unit

RNN Recurrent Neural Network

RL Reinforcement Learning

ResNet Residual Network

SIFT Scale Invariant Feature Transform

TSNE T-distributed Stochastic Neighbor Embedding

VLAD Vector of Locally Aggregated Descriptors
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NOTATION

Σ Summation over a set
σ Logistic sigmoid function
E Expectation
L Loss function
K Filter matrix in CNN
L2 Euclidean distance or norm
E Entropy function
φ Activation function
η Learning rate or step-size
θ Parameters or weights
∇θ Gradient w.r.t θ parameters
∂ Partial derivative
Y Set of classes
τ Temperature parameter
E Video encoding
I Intermediate encoding of a video
M Markov Decision Process
P Probability distribution
R Reward function in RL
J Performance function in RL
S State space in RL
A Action space in RL
π Policy (action probability distribution) in RL
γ Degree of exploration in RL
Eq. Equation
w.r.t With respect to
i.e. That is
etc. Et cetera
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CHAPTER 1

Introduction

In recent times, video content has become extremely prevalent on the internet influ-

encing all aspects of our life such as education, entertainment, healthcare, etc. Indeed,

according to a recent study by video marketing site ReelSEO1, an average person can

spend their entire lifespan watching all the video content uploaded to YouTube in just

one day! This increase in supply is of course driven by the corresponding increase in

demand for such video content which in turn is partly driven by the increase in inter-

net bandwidth and ubiquity of portable devices. For instance, another recent study2

claims that portable mobile devices account for 70% of the watch time on YouTube.

This explosive growth in online video content has led to high demand for computers

to perform automated video processing for various real time applications such as video

surveillance, recommendation systems, video retrieval, etc.

This has of course caught the attention of the academic world as well, where there

is an increasing interest in video related tasks such as identifying activities in videos

(Simonyan and Zisserman, 2014a; Yue-Hei Ng et al., 2015), generating textual descrip-

tions from videos (Donahue et al., 2015), generating visual summaries (Gong et al.,

2014; Pan et al., 2016), answering questions from a video (Jang et al., 2017) and so

on. To fuel research on video processing, several large scale video datasets have been

released in the last few years (for example, (Soomro et al., 2012; Wang et al., 2017a;

Kuehne et al., 2011; Abu-El-Haija et al., 2016; Xiao et al., 2016)). The availability of

such datasets has made it possible to train increasingly deep and complex neural mod-

els which can perform well on these tasks. The more the data available for training,

the more complex model can train to obtain better and better performance. Of course,

with the increase in the complexity of the models there has also been a corresponding

increase in the memory and computational requirements of such video processing ap-

plications. At the same time, there is also a demand for running these models on low

power devices such as mobile phones and tablets with stringent constraints on latency,
1http://www.reelseo.com/youtube-300-hours/
2https://www.youtube.com/yt/about/press/



memory and computational cost. It is thus crucial to design models which can learn

from the large amounts of data to give better performance but can still be cost effective

at inference time. With this goal, in this thesis we focus on the task of video classifica-

tion. In the following sub-sections, we first describe the typical pipeline used for video

classification and then describe our problem statement.

1.1 Video Classification Pipeline

A typical video classification pipeline consists of three phases: (i) feature extraction,

(ii) video encoding, and (iii) classification, see Figure 1.1 as briefly outlined below.

1. Feature extraction: Traditionally, hand-crafted features such as HOG (Dalal and
Triggs, 2005), SIFT (Lowe, 2004) were used to extract the local or spatial fea-
tures for each image in the video sequence. In more recent times, high capacity
deep learning based models with a combination of convolutional neural networks
(Krizhevsky et al., 2012) and recurrent neural networks have become the de facto
standard for extracting features from frames in a video.

2. Video encoding: Once the features for the individual frames have been extracted
they need to be aggregated to compute a representation for the video. For this,
techniques such as Bag-Of-Frames (Schindler and Van Gool, 2008), VLAD en-
coding (Xu et al., 2015b), recurrent neural networks (Yue-Hei Ng et al., 2015;
Abu-El-Haija et al., 2016), etc. are used which aggregate the local spatial fea-
tures from all the frames and obtain a single video encoding. We explain some of
these in detail in Chapter 2.

3. Classification: Once we have the encoding for the video, it is then fed to any
standard classifier such as Mixture of Experts (Miller and Uyar, 1997), logistic
regression (Dreiseitl and Ohno-Machado, 2002) etc.

For extracting features and computing an encoding of the video we typically use

(i) recurrent neural network (RNN) based methods, (ii) cluster-and-aggregate based

methods, and (iii) 3D convolution based methods. In particular, RNN based methods

Feature
Extraction

Video	Encoding

Classification

Local features of each frame

Figure 1.1: Video Classification Pipeline
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(Pavel et al., 2018; Choi and Zhang; Shivam, 2018) compute a hidden representation

for every frame in the video and then compute a final representation for the video based

on these frame representations in a sequential manner. Similarly, cluster-and-aggregate

based methods (Miech et al., 2017; Miha and David, 2018; Rongcheng et al., 2018;

Tang et al., 2018; Kmiec et al., 2018) have a learnable clustering matrix which is used

for assigning soft clusters to every frame in the video. In both these methods, obtaining

a video representation for longer videos can be computationally very expensive as it

requires running the model for many time steps. Further, for every time step, the corre-

sponding frame from the video needs to pass through a high capacity feature extraction

network to get its representation. Thus, computing the final encoding of the video using

all the frames in it becomes very time-consuming.

1.2 Efficient Video Classification

As hinted above, existing methods for aggregating frame features and computing a rep-

resentation for the video have high memory and compute requirements. To address

these issues, there is some recent work in the direction of (i) memory efficient models

and (ii) compute efficient models as described below.

(i) Memory-Efficient Models:

This line of work focuses on reducing the memory requirement of deep networks by

building a smaller and compact model, which in turn may also reduce the time taken to

process a single video frame. This is known as model compression (Han et al., 2015a;

Wen et al., 2016; Molchanov et al., 2016; Zhang et al., 2016c; Jian-Hao Luo and Lin,

2017; He et al., 2017) and the primary goal here is to reduce memory footprint of

network. The recently concluded European Conference on Computer Vision (ECCV)

workshop on YouTube-8M Large-Scale Video Understanding (2018) (Joonseok et al.,

2018) focused on building such memory-efficient models for video classification which

use less than 1GB of memory. The main motivation of the workshop was to discour-

age the use of ensemble-based methods and instead focus on memory-efficient single

models. One of the main ideas explored by several participants (Miha and David, 2018;

Pavel et al., 2018; Rongcheng et al., 2018) in this workshop was to use knowledge

distillation to build more compact student models. More specifically, they first train

3



a teacher network which has a large number of parameters and then use this network

to guide a much smaller student network with limited memory requirements and can

thus be employed at inference time. In addition to requiring less memory, such a model

would also require fewer floating point operations (FLOPs) as the size of weight matri-

ces, hidden representations, etc. would be smaller.

(ii) Compute-Efficient Models:

The memory-efficient models described above ensure that the memory footprint of the

model is small and correspondingly the number of FLOPs required to process one frame

may be small. However, in the case of videos, every frame in the video needs to be

processed and hence the number of FLOPs grows linearly with the number of frames

processed by the network. Hence, a memory efficient model may still be computa-

tionally inefficient. Such computations are still feasible on a Graphics Processing Unit

(GPU) but become infeasible on low-end devices which have power, memory and com-

putational constraints. In this work we address this issue by building compute efficient

models.

1.3 Problem Statement

The primary focus of this thesis is on building compute efficient models which require

fewer FLOPs for the task of video classification. We take motivation from the observa-

tion that when humans are asked to classify a video or recognize an activity in a video,

they do not typically need to watch every frame or every second of the video. A human

would typically fast forward through the video essentially seeing only a few frames and

would still be able to recognize the activity (in most cases). Motivated by this, we pro-

pose a model which can compute a representation of the video by looking at only a few

frames, and still be able to correctly classify the video. In other words, we focus on

the problem of reducing the number of frames to be processed, and thus lowering the

computation cost while maintaining the classification performance of the model.
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1.4 Contributions

The primary contributions of this thesis are listed below:

• Method to improve the efficiency of video classification, while maintaining the
classification accuracy. To achieve it, we propose a distillation approach, wherein
a compute-heavy teacher is used to train a compute-efficient student. We do an
extensive evaluation of our approach with two types of models for video classifi-
cation, viz., (i) recurrent models (ii) cluster-and-aggregate models, and show that
in each of these cases, a see-all-frames teacher can be used to train a compute-
efficient see-very-few-frames student. We evaluate our approach on YouTube-8M
dataset and show that the proposed student network can reduce the inference time
by 30% and the number of FLOPs by approximately 90% with a negligible drop
in the performance.

• Complementary method to memory efficient models for video classification. Cur-
rent state-of-the-art works in this area have focused on reducing the memory foot-
print of high capacity models to make them more memory-efficient. Our work is
complementary to these models and we show that implementing our ideas on top
of a memory-efficient model gives significant reduction in computational cost.

• Empirical analysis on dynamic selection of frames for video classification. We
introduce a reinforcement learning based model to dynamically select the most
relevant frames from a video. We evaluate our model on Youtube-8M dataset
and empirically establish that the dynamically selected frames lie within a small
neighborhood of uniformly spaced frames. Based on this observation, we infer
that under a strict budget on the number of frames, picking uniformly spaced
frames seems to be a simple but effective strategy.

1.5 Applications

Below we list down some of the applications of video processing which require efficient

processing and hence may benefit from the ideas presented in this thesis.

• Video Surveillance: Traditionally, surveillance techniques involved human inter-
vention to track and identify suspicious objects or activities in a video. Now with
the success of Machine Learning, in general, and Deep Learning, in particular, the
process of identifying potential threats has been partly automated. To further en-
able real-time video surveillance it is important to build efficient video processing
models as discussed in this work.

• Autonomous Driving: Computer vision is a crucial part in the development of
autonomous cars. In particular, advanced deep learning techniques are used in
the analysis of input video to predict the activity of various objects in the vicinity
of the vehicle. In order to accelerate this analysis in real time, it is crucial to build
models which are not only accurate, but computationally efficient as well.
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• Smart Manufacturing: With the recent development of 5G technology, it seems
possible to control robots working at remote locations with their instructions be-
ing processed on the cloud. However, this requires us to be able to process the
sensory inputs being received by the robot instantly due to the added overhead of
transmission. Given that video is one of the crucial sensory inputs here, it is likely
that efficient video processing techniques could play a vital role in achieving this
goal.

• Better Gaming Experience: With recent breakthroughs by OpenAI and Google
in various Atari games and DOTA, computer vision coupled with Reinforcement
Learning (RL) seems to be the way forward for designing better AI for games.
The reaction time for these bots could be significantly brought down using effi-
cient video processing techniques.

Apart from the mentioned applications, efficient video processing also plays a cru-

cial role in medical diagnosis, space exploration, agriculture, augmented reality and so

on.

1.6 Organisation of Thesis

The thesis is organized as follows:

• In this chapter, we briefly introduced the high demand for building compute ef-
ficient models for video related tasks, and their deployment on low power de-
vices. We primarily focused on classification task and briefly introduced the video
classification pipeline. We then defined our problem statement and enumerated
the primary contributions of this thesis along with the potential applications that
could benefit from this work.

• In Chapter 2, we explain some background concepts which are necessary to un-
derstand the work presented in this thesis. We introduce the basics of neural
networks, including feed-forward neural networks (section 2.1). We then intro-
duce convolutional neural networks (section 2.2) and recurrent neural networks
(section 2.3) which form the backbone of a video classification model. We then
briefly discuss the cluster-and-aggregate based methods for video classification
(section 2.4). Subsequently, we describe the Knowledge Distillation approach
(section 2.5) that we use in our thesis. We also discuss the basic terminology and
some popular Reinforcement Learning methods (section 2.6), which are relevant
to this work. We summarize the chapter in section 2.7.

• In Chapter 3, we present a survey of related works in the area of memory-efficient
models (section 3.1). We also mention the standard benchmark datasets used
for video classification (section 3.2). We discuss different video classification
approaches and their evolution over time (section 3.3 and section 3.4). We also
talk about some existing works in the domain of efficient video classification
(section 3.5). We conclude this chapter with a discussion on the applications of
reinforcement learning in various video-related tasks (section 3.7).
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• In Chapter 4, we present our proposed Teacher-Student framework for the goal of
efficient video classification (section 4.2). We devise different training paradigms
for the learning of student network and discuss the empirical results in each case
(section 4.4). In particular, we experiment with the YouTube-8M dataset and
mention the implementation details and different configurations of the models
that were compared (section 4.3 and section 4.5). In particular, we discuss our
experiments with different variants of compute-efficient student and establish the
pragmatic significance of our approach. Further, we experiment with memory-
efficient models to show that our ideas can also be applied on top of such models
(section 4.6).

• In Chapter 5, we introduce a reinforcement learning approach for dynamic se-
lecting important frames from a video (section 5.1). We describe the proposed
SkipFrame model (section 5.2) and discuss the empirical results in details (sec-
tion 5.5). We also mention the implementation details, the hyperparameters used
and the different configurations used for experimentation (section 5.3 and section
5.4).

• In Chapter 6, we conclude our work and discuss possible future research direc-
tions.
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CHAPTER 2

Background

This chapter covers the concepts required to understand the work presented in this the-

sis.

2.1 Feed Forward Neural Network

With the intention to mimic the biological neurons in our nervous system, artificial

neurons were first proposed by McCulloch and Pitts (1943). The initial model proposed

by them was capable of handling only binary inputs and outputs. A more generic model

called as Perceptron, was later developed by Rosenblatt (1958) which can take real-

valued inputs and produce binary outputs. However, a well-known limitation with the

standard perceptron model was that it could learn the decision boundaries only in the

case of linearly separable data. This limitation was overcome by the introduction of

Multilayer Perceptrons (Hornik et al., 1989), which is capable of modeling any function

with real inputs and real outputs.

A multilayer perceptron is implemented as a multi-layer structure containing at least

three layers of neurons: (i) input, (ii) hidden and (iii) output layer, as shown in Figure

2.1, wherein each layer contains multiple neurons/nodes. In general, each node in a

given layer L combines the outputs from all the nodes in the previous layer L−1. More

input layer
output layer 

Layer L 

Layer L+1 

n nodes 
 

m nodes 
 

Hidden Layers

Figure 2.1: A feed-forward neural network



specifically, it computes a linearly weighted sum of the inputs from the previous layer

to compute the pre-activations at this layer. A non-linear activation function φ is then

applied to these pre-activations and the output is "fed forward" as input to the next layer

(L+ 1). Hence, this network is called a feed-forward neural network.

An activation function φ is a transformation function in the hidden layers to "squeeze"

the pre-activation values. Some examples of popularly used activation functions are lo-

gistic, tanh, linear, ReLU (Nair and Hinton, 2010), Leaky ReLU (Maas et al., 2013) and

other variants of ReLU. The output layer activation depends on the task at hand. For ex-

ample, the softmax activation function is used in the case of classification. An objective

or loss function, Lmodel is defined to learn the desired functionality or mapping from

the input (x) to the output (y). For example, for a classification task, the cross-entropy

between the true distribution (y) and the predicted distribution (ŷ) is used as the loss

function. The network is trained to find an optimal set of weights which minimizes the

defined loss function.

2.1.1 Learning Algorithm

The learning algorithm used to train the parameters or weights of the network is the

popular backpropagation algorithm. It was first introduced in the domain of AI by Mc-

Clelland et al. (1986). In particular, it involves computing the gradients (derivatives) of

the error function w.r.t. the weights of the network using the chain rule of derivatives.

The feed-forward network is composed of continuous and differentiable activation func-

tions. Hence, the derivative of the objective function w.r.t weights in each of the layer

L, i.e., WL exists. The gradient which is a collection of partial derivatives (∂Lmodel
∂W1

, ...

,∂Lmodel
∂WL

) is used for adjusting the trainable weights to minimize the objective function

Lmodel. According to the gradient descent approach, weights of a layer L at time t, i.e.,

W t
L are adjusted by moving in a direction opposite to the gradient with a constant step

size η as given in the equation below:

W t+1
L = W t

L − η
∂Lmodel
∂W t

L

(2.1)

These updates are made iteratively until some stopping criterion is met. The fixed step

size in a vanilla gradient descent either slows down or hinders the convergence of the
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algorithm in high dimensional parameter space. To overcome this limitation, some

recent optimization algorithms (Zeiler, 2012; Kingma and Ba, 2015) use adaptive step

sizes for better exploration of the error surface.

2.2 Convolutional Neural Networks (CNN)

In a simplistic terms, a Convolutional Neural Network can be viewed as a combination

of three different components as discussed below.

2.2.1 Convolution Operation

The primary component of CNN is the convolution operation. Typically, an image I

is represented as a matrix of pixels with size hI × wI × cI , where hI , wI and cI are

the height, width and number of channels in the image respectively. For example, for

an RGB image, the number of channels is three. A convolution layer consists of a

weight matrix K called a filter, which operates on the input image or input feature map

to produce an output feature map of size hO × wO × cO. Precisely speaking, it first

computes an element-wise product of filter matrix K and the selected input window

(indicated by red shade in Figure 2.2), and then, sums up all the values to produce the

final value at the corresponding location in the output feature map (indicated by green

shade in Figure 2.2). The filter then slides over to the next window in the input image or

feature map by a fixed distance called stride. The primary purpose of the convolution

operation is to extract features from different spatial locations of an image using shared

parameters, which is the matrix K in this case. Since only a patch of the image affects

the corresponding value in the output feature map, the network is more robust to the

perturbations in other distant patches of the image. This is an important advantage of a

convolution neural network over a standard multilayer perceptron.

11 000

11 100

00 111

11 100

00 11

101

010

101

1

1

1

0

1

11 110 0

1

=

223

522

233

532

4

2

4

2

K

Figure 2.2: Convolution operation
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2.2.2 Pooling

The max-pooling layers in the convolutional network downsample the large feature map

representations and hence, save a lot of computations. For example, as shown in Figure

2.3, a max-pooling layer with a pool size of 2 × 2 divides the feature map into 2× 2

grids and reduces the overall size from 4 × 4 to 2 × 2. There are other alternatives

to max-pooling layers such as average-pooling or L2-norm pooling but, max-pooling is

known to work better in practice.

Figure 2.3: Pooling operation

2.2.3 Fully Connected Layer

In a standard CNN architecture, the output feature map from the final convolutional

layer is flattened and passed onto a fully connected layer of a feed-forward neural net-

work (see Figure 2.4). The convolutional layers are typically treated as ‘feature extrac-

tors’ to obtain the local spatial characteristics of an input image.

Figure 2.4: A convolutional neural network

ResNet: Recently, there have been many success stories of deep convolutional neu-

ral networks in several computer vision tasks, such as image classification (Simonyan

and Zisserman, 2014b), object detection (Girshick, 2015; Ren et al., 2015) and so on.

The added depth in these networks boosted their representation ability but led to the

standard problem of vanishing gradients (Glorot and Bengio, 2010a), which made the
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training process more difficult. Residual Networks (ResNet) by He et al. (2016) is an

immensely popular modification to a vanilla CNN architecture, which introduced iden-

tity connections to pass the input to the successive layers in the network. These identity

connections enable the gradients to backpropagate easily and thus prevent the problem

of vanishing gradients.

2.3 Recurrent Neural Network (RNN)

To understand an ongoing activity in a video, one needs to remember the crucial in-

formation from the frames seen so far. However, this characteristic is not present in a

vanilla feed-forward neural network. Recurrent neural network (RNN) (Jordan, 1997)
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Figure 2.5: Unfolding of Recurrent Neural Network

was designed to capture the temporal dependencies between different steps in a sequen-

tial input. The idea is to memorize the information from each time step of the sequence

in the form of a recurrent hidden state. An RNN can be viewed as the same neural

network unrolled over the input sequence X in a step-by-step fashion (see Figure 2.5).

Mathematically, we can summarize the RNN model as:

ht = σ(UXt +Wht−1 + bh) (2.2)

Ot = φ(V ht + bO) (2.3)

The trainable parameters in the recurrent neural network include weight matrices U , V

and W , and the bias vectors bh and bO. Here, Ot denotes the output vector produced

at a time step t, σ is the sigmoid activation and φ is the output activation function.

For example, in the task of video classification, each input Xt denotes a frame in the

input video sequence of length T . We encode the complete video sequence X in the
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form of a single hidden state hT obtained at the end of the video. We use this final

hidden state hT to predict the category of the input video using softmax activation:

OT = softmax(V hT + bO). An RNN is trained using the standard Backpropagation

Through Time (BPTT) algorithm proposed by Williams (1989). Due to a recursive

chain in the computation of hidden states ht (refer to Eq.2.2), the gradients are computed

through all the possible paths from the final state all the way back to the initial steps

of the sequence. As the sequence length increases, the problem of vanishing/exploding

gradients arises as discovered by Bengio et al. (1994). The recurrent neural networks

thus fail to maintain long term dependencies in the case of longer input sequences.

2.3.1 Long Short Temporal Memory Networks (LSTMs)

To tackle the problem of maintaining long term dependencies in RNNs, Long Short

Temporal Memory Network was proposed by Hochreiter and Schmidhuber (1997).

LSTM is a variant of RNN which maintains an internal cell state ct along with the

LSTM cell or hidden state ht. The internal state of the LSTM is computed using the

following set of equations (ignoring the bias terms):

it = σ(XtU
i + ht−1W

i) (2.4)

ft = σ(XtU
f + ht−1W

f ) (2.5)

ot = σ(XtU
o + ht−1W

o) (2.6)

ĉt = φ(XtU
c + ht−1W

c) (2.7)

ct = ft ∗ ct−1 + it ∗ ĉt (2.8)

ht = tanh(ct) ∗ ot (2.9)

The gating functions described in Eq.2.4, Eq.2.5 and Eq.2.6 are used to control the

information flow from one time step to another, thus enabling the network to discard the

irrelevant history. In particular, input gate it controls the information to be read from

the current intermediate cell state ĉt (see Eq.2.7). The forget gate ft selectively learns

to forget the information from previous cell state ct−1. The information filtered through

input and output gates is used to update the current cell state (see Eq.2.8). The output

gate further filters the information from the current cell state ct, which should be written
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Figure 2.6: Internal structure of LSTM cell

to LSTM cell state ht. Figure 2.6 shows a pictorial representation of the LSTM cell.

2.3.2 Hierarchical Recurrent Neural Network

Sequential inputs generally have a hierarchical structure across the dimension of time.

For example, in a video, many factors like the spatial motion of objects, visual diversity

of frames, scene change, etc., give rise to well-defined boundaries in a longer sequence

of video. Hence, the video can be conveniently divided into blocks wherein each block

containing similar frames is encoded separately (see Figure 2.7). After obtaining RNN

representations for each block, the second layer of RNN is used to obtain a single rep-

resentation of the video. This hierarchical structure of the model enables it to memorize

information over a much longer time as compared to the vanilla RNN model described

earlier. This architecture is called the Hierarchical Recurrent Neural Network (H-RNN)

and is popularly used in many video related tasks.
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2.4 VLAD and NetVLAD Feature Encoding

To construct a single representation of a video containing a sequence of T frames

{I1, I2, ..., IT}, Vector of Locally Aggregated Descriptors (VLAD) is another popular

method used to combine the frame-level descriptors (Xu et al., 2015b). For example,

for a given frame It, the frame level descriptors can be generated from the last convo-

lutional layer of a CNN. In particular, the last convolutional layer of size h× w × n is

reshaped into a set d containing n-dimensional descriptor vectors, where the number of

descriptors, i.e., |d| is N = h×w. Each of these descriptor vectors di ∈ Rn is assigned

to one of the K clusters having c1, c2, . . . , cK as the cluster means (see Figure 2.8). The

clusters are generated using standard k-means clustering on N descriptors. Intuitively,

these descriptors capture the local spatial dependency among different patches of an

image. For a cluster with ck mean, VLAD encoding vector uk ∈ Rn is computed by

the sum of the difference vectors between a descriptor di and cluster mean ck if the

descriptor belongs to this cluster, i.e., di ∈ cluster(ck), as shown below:

uk =
N∑

i: di∈cluster(ck)

(di − ck) (2.10)

To avoid non-differentiability due to the hard assignment of the clusters in the VLAD

network , NetVLAD (Arandjelovic et al., 2016) network uses soft assignment of clus-
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Figure 2.8: Vector of Locally Aggregated Encoding with pre-trained CNN architecture

ters with learnable parameters, see Figure 2.9. In general, soft assignment of a cluster

ck to a descriptor di is computed as follows:

αk(di) =
ew

T
k di+bk∑K

k′=1 e
wT
k′di+bk′

(2.11)

where wk, bk and the means of all the clusters (c1, c2, ..., cK) are trainable parameters.

Using this soft assignment αk, the NetVLAD output uk corresponding to a cluster mean

ck is computed as shown in Eq.2.12.

uk =
N∑
i=1

αk(di)(di − ck) (2.12)

vt = (u1, u2, ..., uK) (2.13)

These VLAD or NetVLAD encoding vectors uk are concatenated to form a single repre-

sentation vector vt ∈ RnK for the given image It, as in Eq.2.13. To obtain a video-level

representation v, the VLAD representations across all the frames of video v1, v2, .., vT

can be combined in different ways which are further explored in the section 3.4. It is to

be noted that this kind of a differentiable network has an additional benefit of being

end-to-end trainable.
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Figure 2.9: NetVLAD encoding with pre-trained CNN
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2.5 Knowledge Distillation

Due to the remarkable success of high capacity deep neural networks, it has become

extremely important to make these networks less complex and hence, more generaliz-

able during inference. One way to achieve this is to somehow transfer this knowledge

from a bigger model to a much lighter model in an explicit way. This is the core idea

behind Knowledge Distillation. In general, a bigger complex model (or an ensemble

of different models) is trained with a full model capacity to perform well on a task.

This bigger network is called teacher. The teacher network is trained on hard labels of

ground truth, which assigns equal weightage to all the incorrect class predictions. The

network trained on hard labels only tries to maximize the probability of the true class

alone and doesn’t capture the similarity between classes. According to Hinton et al.

(2015), knowledge about the generalizability of the network can be quantified in the

output class distribution. Thus, instead of the hard class distribution provided in the

ground truth, a softer class distribution or the logits themselves can be used for trans-

ferring the knowledge as they better capture the similarity between classes. Inspired

by this insight, Hinton et al. (2015) introduced a smaller network termed as student.

This student network is trained to learn from the logits or soft targets obtained from the

trained teacher network as well as the ground truth.

Mathematically, in a classification task on Y classes with the given inputX , assume

that zT ∈ R|Y | is the input to final softmax layer of the teacher network T termed as

logit vector. The same input X is fed to the student network S with parameters WS .

The logit vector produced by the student network is denoted by S(X;WS). The final

distillation loss Lpred to train the student network is formulated as given below:

Lpred = d(S(X;WS), zT ) (2.14)

Here, d can be any suitable distance metric. In a similar way, student network can be

trained to match the soft target class distribution PT (parameterized by a temperature

parameter τ ) from the teacher, as given below:

PTj =
exp(zTj /τ)∑|Y |
j′=1 exp(zTj′/τ)

(2.15)
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The final loss function to train the student network includes the weighted average of

standard classification loss and the knowledge distillation loss Lpred.

2.6 Reinforcement Learning (RL)

Reinforcement learning is a learning method which involves an agent continuously in-

teracting with the environment and learning how to achieve a desired goal. The environ-

ment generates the ‘evaluative feedback signals’ (termed as rewards) to help the agent

learn to select the favourable actions in order to achieve the goal.

Environment

AGENT

Rt+1

St+1

Rt

RewardState
∈ Sst

Action

∈ ( )at st

Time	Step
t

Figure 2.10: An agent-environment interaction in reinforcement learning framework

2.6.1 Formulation

The problem is modeled as a sequential decision making problem, more precisely as a

Markov Decision Process (MDP), where the agent and the environment interact at each

step t of the discrete time sequence. Here t = 0, 1, 2, 3, 4 ... T , and T is the terminal

state of the sequence. For the sake of simplicity, we consider only discrete and finite

time sequence. The agent looks at the condition of environment’s state st ∈ S at every

time step t, where S is the set of all possible states. Based on these observations, agent

chooses an action at ∈ A(st), where A(st) is the set of actions possible given that the

agent is currently looking at the state st (see Figure 2.10). The selected action changes

the state of environment from st to st+1 and generates reward a Rt+1 for the agent

accordingly. The environment dynamics are assumed to be Markov i.e.,

P(st+1 = s|s0, a0, s1, a1, . . . , st, at) = P(st+1 = s|st, at) (2.16)
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2.6.2 Policy Gradients

We now discuss the algorithm used for training an RL agent. We begin by defining

some concepts which will be used in the discussion.

1. Return: Return Gt is defined as the sum of total rewards (can be discounted)
obtained by the agent starting from step t up to the terminal step T .
Gt = Rt+1 +Rt+2 + ...+RT

2. Policy: A policy π is a mapping from perceived states to the probability distribu-
tion P over the possible actions a ∈ A given a state s at time t.
π(a|s) = P(at = a|st = s)

3. Value Function: Value function for a policy π estimates how good a given action
is for the agent in a given state. The value function in terms of state s at time step
t can be written as:

V π(s) = Eπ[Gt|st = s]

The policy for which the value function has the maximum value at all the states is

called an optimal policy. There is always at least one policy that is optimal for all the

states in the case of finite MDPs (Puterman, 2014).

Policy Approximation

Let’s denote the parameters used to represent a policy by θπ. The policy network is

parameterized in such a way that π(a|s, θπ) is differentiable w.r.t θπ. Intuitively, a cer-

tain performance function J is chosen such that it correlates with the goal of the agent.

Mathematically, we can define the performance function J (θ) as shown in Eq.2.17.

Here, dπ(s) is the stationary state probability distribution achieved (Markov saturation

property by Chung (1967)) by starting from the initial state s0 and following the param-

eterized policy πθ, as defined in the Eq.2.18. The performance function is optimized

w.r.t. θ using the standard gradient ascent update rule to maximize the performance (see

Eq.2.19).

J (θ) =
∑
s∈S

dπ(s)V π(s) =
∑
s∈S

dπ(s)
∑
a∈A

π(a|s, θ)Qπ(s, a) (2.17)

dπ(s) = lim
t→inf

p(st = s|s0, πθ) (2.18)

θt+1 = θt + η∇J (θt) (2.19)
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Policy Gradient Theorem

To compute gradients for the policy update Eq.2.19, the stationary distribution of a

state d(s) under a policy behavior πθ i.e., dπ(s) should be known. However, it becomes

difficult to estimate the effect of policy updates on the distribution dπ(s) due to the

unknown (uncontrollable) external environment. Policy gradient theorem (Sutton et al.,

2000) shows that the gradient of the performance function is independent of the effect

of policy changes on the stationary distribution of states i.e., it doesn’t include any term

related to∇θd
π(s) and can thus be approximated using sampling.

∇θJ (θ) =
∑
s∈S

dπ(s)
∑
a∈A

∇θπ(a|s, θ)Qπ(s, a) (2.20)

=
∑
s∈S

dπ(s)
∑
a∈A

∇θπ(a|s, θ)
π(a|s, θ) Qπ(s, a)π(a|s, θ) ; rearranging the terms

(2.21)

= Eπ[∇θ lnπ(a|s, θ)Qπ(s, a)] ; because
d(ln(x))

dx
= 1/x

(2.22)

REINFORCE algorithm by Williams (1992), is a well-known policy gradient method

which uses Monte Carlo samples to estimate the value function (Qπ(s, a) in Eq.2.20).

It measures the expected return Gt from a full trajectory (sample) generated by Monte

Carlo method and uses it directly as Qπ(s, a) (see Eq.2.23 and Eq.2.24).

∇θJ (θ) = Eπ[∇θ lnπ(a|s, θ)Qπ(s, a)] (2.23)

= Eπ[∇θ lnπ(a|s, θ)Gt] ; by definition Qπ(s, a) = Eπ[Gt|s, a]

(2.24)

2.7 Summary

In this chapter, we discussed some of the concepts which will be used for the remainder

of the thesis. In particular, we discussed different types of neural networks, viz., feed

forward networks, convolutional neural networks and recurrent neural networks. We

also discussed the learning algorithms used for training the networks, viz., Backpropa-

gation and BPTT. We further discussed some methods for aggregating information from
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different frames in a video to compute the final representation of the video. We then

introduced the idea of Knowledge Distillation followed by a brief introduction to RL

with the intention of making the reader familiar with the basic terminology.
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CHAPTER 3

Literature Survey

In this chapter, we discuss prior work in the literature which is most relevant to our

work. We start with the literature survey of memory-efficient models, in particular,

models relying on knowledge distillation for video related tasks. We introduce various

video benchmark datasets and then discuss various video classification approaches. We

then provide a detailed description of various video classification models developed

on the Youtube-8M dataset. We conclude this chapter with a discussion of different

reinforcement learning based methods used for video-related tasks.

3.1 Memory-Efficient Models

Several works have focused on reducing the memory footprint of a deep and compute-

heavy model, which in turn accelerates the computations or reduces the processing

time of the network. This direction of research is termed as model compression. Such

compression techniques make it practically feasible to deploy these heavy models on

devices with stringent memory and computational constraints. In recent times, there has

been a lot of work on model compression by Cheng et al. (2017); Narang et al. (2017);

Li et al. (2016); Jian-Hao Luo and Lin (2017); He et al. (2017), etc., in the context of

image classification. Some of the popular approaches explored in this field are:

(i) Pruning Unimportant Weights: It involves the removal of unimportant (mostly sparse)

weight connections with a minimal drop in the performance of the model. This kind of

pruning results in a network with fewer parameters and hence, more memory efficiency

(LeCun et al., 1990; Endisch et al., 2007; Han et al., 2015b).

Typically, in a convolutional neural network (Simonyan and Zisserman, 2014b;

Szegedy et al., 2015; He et al., 2016), the number of floating point operations in a con-

volution layer is relatively higher as compared to a fully connected layer in the network.

Thus, in addition to pruning the connections, computations can further be lowered by



completely removing unimportant filters or weight matrices from the network. This ap-

proach has been recently explored by many researchers (Li et al., 2016; Jian-Hao Luo

and Lin, 2017; He et al., 2017).

(ii) Knowledge Distillation: It focuses on transferring the knowledge from a deep and

complex (computationally and memory expensive) network to a shallow and efficient

network. This is achieved in several ways as explored by Hinton et al. (2015); Ba and

Caruana (2014a); Chen et al. (2017a), etc.

(iii) Low-Rank Factorization: Another line of work focuses on building a compact rep-

resentation of weight matrices in the network. The motivation behind this is to de-

compose the compute-intensive large matrix multiplications into smaller and relatively

cheaper operations. This is achieved by the low-rank approximation of weight matrices

(Jaderberg et al., 2014; Denil et al., 2013; Zhang et al., 2015).

A similar approach is to design a compact network architecture which has fewer

weight parameters or/and computations (Romero et al., 2015; Iandola et al., 2016;

Howard et al., 2017).

(iv) Network Quantization: An orthogonal approach to completely pruning the weights

is to either quantize (Han et al., 2015a; Zhou et al., 2017) or binarize (Rastegari et al.,

2016; Courbariaux et al., 2016) the weight connections in the network. This, in turn,

reduces the memory footprint and computation cost in the network. Even in the context

of video classification, some work (Miha and David, 2018; Liu Tianqi, 2018) has been

done on using Quantization for model compression.

All of the above methods work with the same goal of building a memory-efficient

model by adopting different strategies. We refer the reader to a survey paper by Cheng

et al. (2017) for a detailed review of the field. In this thesis, we specifically focus on

the idea of Knowledge Distillation for the video classification task. Hence, for brevity,

we discuss the papers based on the idea of distillation. For example, Ba and Caru-

ana (2014b); Hinton et al. (2015); Lopez-Paz et al. (2016); Chen et al. (2017a) use

Knowledge Distillation to learn a more compact student network from a computation-

ally expensive teacher network. The key idea is to train a shallow student network

using soft targets (or class probabilities) generated by the teacher instead of the hard

targets present in the training data. There are several other variants of this technique.
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For example Romero et al. (2015) extend this idea to train a student model which not

only learns from the outputs of the teacher but also uses the intermediate representa-

tions learned by the teacher as additional hints. This idea of Knowledge Distillation has

also been tried in the context of pruning networks for multiple object detection (Chen

et al., 2017a), speech recognition (Wong and Gales, 2016) and reading comprehen-

sion (Hu et al., 2018). Some work on video-based action recognition by Zhang et al.

(2016a) tries to accelerate the processing speed in a two-stream CNN architecture by

transferring the knowledge from ‘motion’ modality to ‘optical’ modality of the video

frames.

In general, model compression techniques try to reduce the processing by remov-

ing the redundant parameters in the network. This is closely related to the concept of

‘synaptic pruning’ (Santos and Noggle, 2011) of redundant neurons in a human brain.

In addition to the pruning of neurons, our brain also learns to prune the irrelevant input

information from the external environment, such that only the relevant input is fed to

the cortical center of the brain (Cromwell et al., 2008). Following a similar idea, instead

of reducing the processing required per input, we intend to reduce the number of inputs

that we process. For example, if a neural network is processing a sentence, the network

could potentially avoid certain words, if they do not provide any information relevant

to the current task at hand. In this work, we utilize the idea of Knowledge Distillation

to reduce the number of frames in a video (i.e., number of inputs) processed by the

network. While in the related works on Knowledge Distillation, the teacher and student

differ in the number of layers, in our case, the teacher and student networks differ in the

number of time steps or frames processed by the two networks.

3.2 Video Classification Datasets

In the domain of Computer Vision, large scale datasets such as ImageNet (Deng et al.,

2009) have been a crucial enabler of recent progress in the image related tasks (Kuehne

et al., 2011; Simonyan and Zisserman, 2014b; He et al., 2016). In a similar way, there

has been rapid progress in the development of video benchmarks. With the advent of

these datasets (Soomro et al., 2012; Karpathy et al., 2014; Kay et al., 2017; Abu-El-

Haija et al., 2016), the research community has shown great interest in the video clas-

25



Dataset No. of Videos No. of Categories Theme

UCF-101 13,320 101 Human actions
Sports 1,000,000 487 Sports categories
Kinetics 650,000 700 Human-object activities
YouTube-8M (2017 version) 8,264,650 4716 Categories of objects, events, actions etc.

Table 3.1: Standard datasets for benchmarking video classification methods

sification task. In this section, we introduce some popular video classification datasets

and their key contributions. We summarize the statistics of these datasets in Table 3.1.

Popular datasets like UCF-101 (Soomro et al., 2012) have boosted the technolog-

ical advancements on video classification task. However, due to extensive correlation

between the video frames in this dataset, it suffers from the problem of ‘less frame diver-

sity’. This leads to poor generalization of models on various other video related tasks.

Even in the case of datasets with diverse frames, due to the presence of single-themed

videos (for example, Sports dataset by Karpathy et al. (2014)), it becomes difficult to

generalize on other datasets. Kay et al. (2017) have tackled this problem by introducing

Kinetics dataset, which covers a diverse range of classes (human-focused activities).

With the introduction of YouTube-8M dataset (Abu-El-Haija et al., 2016), the classes

were no longer restricted to human actions. This dataset incorporates a much wider

range of categories (like sports), objects (like food and drinks), events (like concert)

and scenes (like travel), to reflect the central theme of a video. Due to its high diver-

sity and unprecedented scale, Youtube-8M dataset is unarguably the most challenging

dataset for video classification task. In this work, we use YouTube-8M dataset for all

the experiments.

3.3 Feature Extraction From Images

A video clip is represented as a sequence of frames, wherein each frame is an image.

Hence, to obtain a representation for the video, we first need to obtain a representation

for the individual frames. Images can have several attributes like edges, corners, shapes,

etc., which can be used to describe it. The feature extraction techniques involve trans-

forming the raw visual images (for example, RGB images) into informative attributes

(called features) needed for the task at hand.

A popular technique called Scale Invariant Feature Transform (SIFT) (Lowe, 2004),
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was designed to detect local pixel-level attributes which are invariant to scaling, rota-

tion and other image-related transformations. Histogram of Oriented Gradients (HOG)

(Dalal and Triggs, 2005) is another technique which computes the histogram of im-

age gradients, and based on it divides the image into local patches. This technique is

mainly helpful for the tasks which need spatial (patch-level) information in the image,

for example, object detection. In recent times, the remarkable success of convolutional

neural network (CNN) based features for various image related tasks like image clas-

sification (Krizhevsky et al., 2012; Simonyan and Zisserman, 2014b; He et al., 2016),

object detection (Ren et al., 2015; Girshick, 2015), etc., has made them more appealing

for video tasks also. In the case of a video, each frame is passed through a CNN to pro-

duce a feature representation of the frame. The popular state-of-the-art CNN models

like ResNet (He et al., 2016), VGG-16 (Simonyan and Zisserman, 2014b), GoogleNet

(Szegedy et al., 2015), etc. are commonly used for extracting features from the images.

3.4 Feature Aggregation For Video Classification

To obtain a video level representation, the features extracted from each image/frame in

the video are combined in a certain way which is called feature aggregation. Intuitively,

the aggregation process should capture the crucial information (spatial as well as tem-

poral) across the frames of a video. Different approaches for feature aggregation have

been discussed ahead.

3.4.1 Single Stream Networks

One naive way of combining features from all the frames can be mean pooling or con-

catenation of all the features. However, this kind of pooling completely ignores the

temporal order as well as the relative weightage of frames in the video. To infuse tem-

poral information in the network, Karpathy et al. (2014) use 2D convolutional network

for feature extraction and multiple fusion strategies to combine these features, as shown

in Figure 3.1. The late fusion strategy involves using separate CNN models to encode

the distant frames in a video and fuse their features later in the network. On the contrary,

the early fusion strategy involves combining the features from a consecutive window of

frames, wherein the input has one extra dimension added before convolution, and filters
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Early	Fusion

Figure 3.1: Late Fusion: Two different CNNs with same parameters, which fuse pre-
dictions at end, Early Fusion: Fuses frames from a consecutive window in a
video, and Hybrid Slow Fusion: Combine late and early fusion at multiple
stages.

in the initial convolutional layer are modified accordingly. To combine the best of both,

hybrid slow fusion is designed which somewhat maintains the temporal information till

a certain layer (see Figure 3.1). However, to generate the final predictions, all of these

methods sample a window/set of frames multiple times and average-out the predictions

at the end. Due to the loss in the order of frames during averaging, the network is still

not able to capture the motion information completely.

3.4.2 3D Convolution Based Networks

Ji et al. (2013) introduced 3D convolutions to encode the discriminative features from

the video in such a way that both spatial and temporal dimensions are captured. This is

achieved by dividing a video of length T into stacks of consecutive frames, and using

3-dimensional filters to convolve across the depth L of each stack volume (see Figure

3.2(a)). The final representation of a video is obtained by combining the outputs from

all the stacks. In contrast, 2D convolution treats multiple frames in a video as multiple

channels of input and produces a 2D output (see Figure 3.2(b)), thus losing the temporal
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order. Along the similar lines, several works (Karpathy et al., 2014; Tran et al., 2015;

Carreira and Zisserman, 2017) proposed new variants of 3D convolutional networks

such as C3D, I3D etc., for the task of video classification. Shou et al. (2016) and Xu

et al. (2017) further modified 3D convolution network to leverage it for temporal action

localization task in the untrimmed videos. 3D convolution based models have also

advanced various video related domains such as scene understanding (Husain et al.,

2017), object recognition (Garcia-Garcia et al., 2016), and so on. Despite the above use

cases, 3D convolution based models still suffer from high computational requirements

(Carreira and Zisserman, 2017).

Output

�
�

(b)	2D	convolution	on	3D	input(a)	3D	convolution	on	3D	input

� < �

Output

�

Figure 3.2: Modification of 2D convolution to 3D convolution

3.4.3 Multi-Stream Networks

To capture long-range dependencies in temporal information across video frames, a

separate ‘Temporal Stream’ network is used to work with a stack of multi-frame optical

flow (Fleet and Weiss, 2006) images. By definition, optical flow images consist of

the motion pattern of objects, surfaces, edges etc., which is generally pre-computed

in practice. Simonyan and Zisserman (2014a) exploited this idea in the form of a Two-

Stream architecture for video classification, where the streams of features are fused only

at the end (i.e., at the classification layer) in the network. Several recent works on video

related tasks (Simonyan and Zisserman, 2014a; Carreira and Zisserman, 2017; Zhu

et al., 2017) have explored this idea about fusion of ‘Spatial Stream’ to capture local

image level dependency (for example, object in an image) and ‘Temporal Stream’ to

explicitly capture the temporal motion (for example, motion of objects from one scene

to another). This sort of architecture makes common use of pre-trained cutting edge

CNN models (Simonyan and Zisserman, 2014b; He et al., 2016) for feature extraction.

On the top of previous works, Carreira and Zisserman (2017) take advantage of
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both multi-stream networks and C3D convolutions by using 3-D convolution networks

in their ‘Temporal Stream’. Unlike previous works, Zhu et al. (2017) generate optical

flow images on-the-fly in an unsupervised manner. This effectively improves the train-

ing time and memory requirements of the model. The summary of different video clas-

sification (in other words, action recognition) architectures has been pictorially shown

by Carreira and Zisserman (2017) and reproduced here for the reader’s reference.

Figure 3.3: Different ways in which ‘Temporal’ and ‘Spatial’ streams are fused (Car-
reira and Zisserman, 2017). Here, ConvNet stands for convolutional neural
network

.

3.4.4 Encoder-Decoder Based Methods

Due to their huge success in machine translation (Cho et al., 2014; Bahdanau Dzmitry,

2015), encoder-decoder networks like Recurrent Neural Network (RNN) (Jordan, 1997),

Long Short Term Memory Network (LSTM) (Hochreiter and Schmidhuber, 1997) are

widely used for encoding the sequential data. These networks are described in detail

in the background chapter. Several attempts have been made to explore and design

various encoder-decoder based models for the task of video classification (Yue-Hei Ng

et al., 2015; Donahue et al., 2015; Wu et al., 2016; Li et al., 2017; Pavel et al., 2018;

Choi and Zhang; Shivam, 2018). These networks possess inherent property of capturing

long-term dependencies in the sequence. Hence, they are more suited for video input,

which contains temporal dependencies among the frames.

Donahue et al. (2015) extract features for each of the input frames in the video, and

pass the sequence of obtained visual features to an LSTM network (see Figure 3.4).

Predictions ŷ are made at each step of LSTM and are eventually pooled/averaged to

obtain the final class prediction of the model. However, this method may lead to the

problem of ‘false class predictions’ at some steps of LSTM, which adversely affects the
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final class prediction. Yue-Hei Ng et al. (2015) tries to improve the above architecture

by computing a single video level representation using only the final output state of the

LSTM. The encoder-decoder methods are widely used in other applications as well, for

example, video-captioning i.e., textual description of a video (Donahue et al., 2015),

generating visual summary (Gong et al., 2014; Pan et al., 2016) (generally, called video

abstraction), answering questions (Jang et al., 2017) from video and so on.

y ̂ 
1

CNN CNN CNN CNN

LSTM LSTM LSTM LSTM

y ̂ 
2 y ̂ 

T−1
y ̂ 

T

y ̂ 
final	class	prediction

Figure 3.4: An Encoder-Decoder architecture used by Donahue et al. (2015) for the
classification of a video of length T

3.4.5 Cluster-Aggregation Based Methods

Unlike the sequential aggregation models (like Encoder-Decoder) discussed above,

there is an orthogonal direction of research which aggregates the features of a video

in an unordered way. It is based on clustering methods such as Bag-of-words (Sivic

and Zisserman, 2015), VLAD (Vector of Locally Aggregated Descriptors) (Xu et al.,

2015b), variants of Fisher Vectors (FV) (Lev et al., 2016; Peng et al., 2014) etc. All

of these aggregation methods primarily focus on learning spatial dependencies among

the frame-level features using clustering. They typically use pre-trained feature extrac-

tion models to generate the frame-level features and then, feed them to the aggregation

module. By introducing differentiable modules, NetVLAD (Arandjelovic et al., 2016)

makes these networks end-to-end trainable. Further, Girdhar et al. (2017) explore the

application of this differentiable NetVLAD model specifically for the task of video

31



classification.

3.5 Video Classification On YouTube-8M Dataset

In this section, we specifically discuss previous work on video classification using the

YouTube-8M dataset. As discussed earlier, it is one of the most challenging video

classification datasets which contains videos having an average length of 200 seconds.

We use this dataset in all our experiments. The authors of this dataset proposed a simple

baseline model which treats the entire video as a sequence of one-second frames and

uses a Long Short-Term Memory network (LSTM) to encode this sequence. Apart from

this, they also propose some simple baseline models like Deep Bag of Frames (DBoF)

and Logistic Regression (Abu-El-Haija et al., 2016). Various other classification models

(Miech et al., 2017; Wang et al., 2017b; Li et al., 2017; Chen et al., 2017b; Skalic

et al., 2017) have been proposed and evaluated on this dataset (2017 version) which

explore different methods of: (i) feature aggregation in videos (temporal as well as

spatial) (Chen et al., 2017b; Miech et al., 2017), (ii) capturing the interactions between

labels (Wang et al., 2017b) and (iii) learning new non-linear units to model the inter-

dependencies among the activations of the network (Miech et al., 2017). The state-of-

the-art model on the 2017 version of the Youtube-8M dataset uses NetVLAD pooling

(Miech et al., 2017) to aggregate information from all the frames of a video.

In the recently concluded competition (2018 version) (Joonseok et al., 2018), many

methods (Miha and David, 2018; Pavel et al., 2018; Rongcheng et al., 2018; Tang et al.,

2018; Choi and Zhang; Liu Tianqi, 2018; Shivam, 2018; Joonseok et al., 2018) were

proposed to compress the models such that they fit in 1GB of memory. As mentioned

by Joonseok et al. (2018), the major motivation behind this competition was to avoid

the late-stage model ensemble techniques and focus mainly on single model architec-

tures at inference time (Shivam, 2018; Rongcheng et al., 2018; Choi and Zhang). One

of the top performing systems in this competition was NeXtVLAD (Rongcheng et al.,

2018), which modifies NetVLAD (Miech et al., 2017) to squeeze the dimensionality of

the modules (embeddings). However, this model still processes all the frames of the

video and hence has a large number of FLOPs. In this work, we take this compact

NeXtVLAD model and make it compute efficient by using the idea of distillation. The
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workshop primarily emphasized on the development of single model architectures and

not ensembles. Hence, in this thesis, we focus on single model-based solutions.

3.6 Reinforcement Learning For Videos

The key intuition behind using reinforcement learning (RL) for videos is that ‘parsing a

video’ can be viewed as a sequential process of decision making i.e., deciding whether

to look at a frame or skip it. However, in most of the video-related tasks (Zhang et al.,

2016b; Yue-Hei Ng et al., 2015; Song et al., 2016), the model processes all (or fixed)

frames in a video as there is no frame-level ‘importance’ information available. To

automatically reduce the number of processed frames, reinforcement learning can be

used to train an agent which learns to skip the irrelevant ones to generate a subset of

important frames for the end task. From the literature of reinforcement learning, a pop-

ular algorithm called REINFORCE (Williams, 1992) has been extensively exploited to

learn a policy network pertaining to the end-task for various computer vision applica-

tions. For example, Ba et al. (2014) and Mnih et al. (2014) utilize the policy network for

learning spatial attention on the images for the classification task. Many recent works

have applied RL algorithms on other image-related tasks as well, for example, image

captioning Xu et al. (2015a) and object detection Mathe et al. (2016).

An important domain where RL algorithms have proven to be effective is video

summarization (i.e., selection of key-frames in a video). Previously, Gong et al. (2014)

solved the task of video summarization by using the true labels information (importance

scores) of frames and the overall category of a video. Further, Song et al. (2016) used

RL algorithms to learn the key-frames but still relied on the true category information

of the frames. However, intuitively, video summarization is an inherently unsupervised

task, as there doesn’t exist a unique ground truth summary for a video. Yeung et al.

(2016) framed the problem of video summarization as a temporal bound detection prob-

lem in an end-to-end trainable framework. In this framework, an RL agent is trained to

predict the ‘temporal bounds’ i.e., the direct localization of activity in a video. Further,

Zhou et al. (2018) effectively used RL to solve the problem of key-frames selection in

an unsupervised way.

In a video classification task, the common approach is to either sample a fixed set of
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frames or use all the frames of a video. The large redundancy in the neighboring frames

gives rise to the problem of generating a subset of frames, which are more relevant to

the task. The primary motivation behind this problem is to prevent further processing

of irrelevant frames. Hence, this problem is somewhat related to ‘unsupervised video

summarization’. There is a newer line of research that focuses on the important frame-

selection using Reinforcement Learning techniques. For example, in very recent work

on video classification by Fan et al. (2018), the authors use a Reinforcement Learning

agent to select the frames to process for a classification task. They only take a subset

of the YouTube-8M dataset containing only the top-20 categories as opposed to the

total ∼4k categories. However, unlike Fan et al. (2018), we take the diversity of the

Youtube-8M dataset into account and build the RL framework accordingly. Another

closely related work by Chen et al. (2018) in the domain of video captioning tried to

tackle the frame-selection problem differently. Unlike the setting of our framework,

which entirely skips the processing of unimportant frames, the framework proposed by

Chen et al. (2018) observes all the frames at least once while parsing a video.

3.7 Summary

In this chapter, we discussed the previous work in the literature germane to the thesis.

We started off with the discussion of memory-efficient models developed in the liter-

ature of video/image-related tasks, with a special emphasis on work based on the idea

of knowledge distillation. We also described various video classification benchmarks

datasets curated so far. Thereafter, we set forth various techniques used for the purpose

of extracting features from images and aggregating them to get a single representation

for the video. We further described different video classification models developed us-

ing the Youtube-8M dataset and concluded the chapter with a discussion of different

RL methods explored for video-related tasks.
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CHAPTER 4

A Teacher-Student Framework for Video Classification

In the previous chapter we discussed various methods for computing the representation

of a video with the aim of using this representation for a downstream task such as

classification. In particular, we discussed (i) recurrent neural network based methods

(ii) cluster-and-aggregate based methods and (iii) 3D convolution based methods. We

observe that in each of these methods, the computation to process an input video needs

to be done for every frame in the video. Therefore, these methods require a large number

of floating point operations (FLOPs) especially in the case of longer videos. We aim

to reduce this computation cost (FLOPs) by building a framework that can compute a

representation of the video by looking at only a fraction of frames in the video. To do so,

we utilize the idea of distillation wherein the teacher network has access to all frames

in the input video, while the student network is allowed to observe only a few frames.

Our approach primarily focuses on accelerating the number of frame computations in

a network at inference time, which can potentially be combined with any approach of

building a compact memory-efficient network. In other words, our work complements

the work done on building memory-efficient models for video classification.

In this chapter, we start with discussion on state-of-the-art models for video clas-

sification, viz., (i) a hierarchical RNN based model (ii) NetVLAD and (iii) NeXtVLAD

which is a memory-efficient version of NetVLAD and was the best single model in the

ECCV’18 workshop, see section 4.1. We introduce our Teacher-Student framework in

section 4.2, which is developed to achieve the goal of efficient video classification. We

experiment with two different methods of training the Teacher-Student network. In the

first method (which we call Serial Training), the teacher is trained independently and

then the student is trained to match the teacher with or without an appropriate regular-

izer to account for the classification loss. In the second method (which we call Parallel

Training), the teacher and student are trained jointly using the classification loss as well

as the matching loss. This parallel training method is similar to on-the-fly knowledge

distillation from a dynamic teacher as mentioned in Lan Xu (2018). We use only the

compute-efficient student network for classification at the inference time.



Note that as per the findings of the recently concluded workshop on YouTube-8M

Large-Scale Video Understanding (2018), 3D convolution based methods (Carreira and

Zisserman, 2017) were not so popular as they are expensive in terms of their memory

and compute requirements. For example, the popular I3D model Carreira and Zisser-

man (2017) is trained using 64 GPUs as mentioned in the original paper. Hence, in this

thesis, we do not investigate such methods based on 3D convolutions.

4.1 Video Classification Models

Given a fixed set of m classes y1, y2, y3, ..., ym ∈ Y and a video V containing N

frames (F0, F1, . . . , FN−1), the goal of video classification is to identify all the classes

to which the video belongs. In other words, for each of the m classes we are interested

in predicting the probability P (yi|V). This probability can be parameterized using a

neural network f which looks at all the frames in the video to predict:

P (yi|V) = f(F0, F1, . . . , FN−1)

Given the setup, we now briefly discuss the two state-of-the-art models that we have

considered in our work.

4.1.1 Recurrent Network Based Models

We consider the Hierarchical Recurrent Neural Network (H-RNN) (Pan et al., 2016)

based model which assumes that each video contains a sequence of b equal sized blocks.

Each of these blocks in turn is a sequence of l frames thereby making the entire video a

sequence of sequences. The details of the model have been discussed in section 2.3.2.

In the case of the YouTube-8M dataset, these frames are one-second shots of the video

and each block b is a collection of l such one-second frames. The model contains a

lower level RNN to encode each block (sequence of frames) and a higher level RNN to

encode the video (sequence of blocks).
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4.1.2 Cluster and Aggregate Based Models

We consider the NetVLAD model with Context Gating (CG) as proposed in Miech et al.

(2017). This model does not treat the video as a sequence of frames but simply as a

bag of frames. For every frame in this bag, it first assigns a soft cluster to the frame

which results in a M × k dimensional representation for the frame where k is the num-

ber of clusters considered and M is the size of the initial representation of the frame

(say, obtained from a CNN). Instead of using a standard clustering algorithm such as

k-means, the authors introduce a learnable clustering matrix which is trained along with

all the parameters of the network. The cluster assignments are thus a function of a pa-

rameter which is learned during training. The video representation is then computed by

aggregating all the frame representations obtained after clustering. This video repre-

sentation is then fed to multiple fully connected layers with Context Gating (CG) which

help to model interdependencies among network activations. We also experiment with

NeXtVLAD (Rongcheng et al., 2018) which is a compact version of NetVLAD wherein

the M × k dimensional representation is downsampled by grouping which effectively

reduces the total number of parameters in the network. An important point to be con-

sidered here is that all the models described above look at all the frames in a video.

4.2 Proposed Approach

The main idea of this work is to leverage the distillation technique for compute-efficient

video classification, wherein we train a computationally expensive teacher network

which computes a representation for the video by processing all frames in the video.

We then train a relatively inexpensive student network whose objective is to process

only a few frames of the video and produce a representation which is very similar to

the representation computed by the teacher. In particular, this is achieved by minimiz-

ing (i) the squared error loss between the representations of the student network and

the teacher network and/or (ii) by minimizing the difference between the output distri-

butions (class probabilities) predicted by the two networks. Figure 4.1 illustrates this

idea where the teacher sees every frame of the video but the student sees fewer frames,

i.e., every j-th frame of the video. At inference time, we then use the compute-efficient
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backprop Lpred through STUDENT
backprop LCE through STUDENT

Figure 4.1: Architecture of TEACHER-STUDENT network for video classification

student network for classification thereby reducing the time required for processing the

video.

4.2.1 Teacher Network

The teacher network can be any state-of-the-art model described above (H-RNN, NetVLAD,

NeXtVLAD). This teacher network looks at all theN frames of the video (F0, F1,...,FN−1)

and computes an encoding ET of the video, which is then fed to a simple feed-forward

neural network with a multi-class output layer containing a sigmoid neuron for each

of the Y classes. The parameters of the teacher network are learnt using a standard

multi-label classification loss LTCE , which is a sum of the cross-entropy loss for each of

the Y classes. We refer to this loss as LTCE where the subscript CE stands for cross

entropy between the true labels y and predictions ŷ.

LTCE = −
|Y |∑
i=1

yi log(ŷi) + (1− yi) log(1− ŷi) (4.1)

4.2.2 Student Network: Final Matching

In addition to this teacher network, we introduce a student network which only pro-

cesses every jth frame (F0, Fj, F2j, . . . , FN
j
−1) of the video and computes a represen-

tation ES of the video from these N
j

= k frames. We use only same family distillation

wherein both the teacher and the student have the same architecture. For example, Fig-

ure 4.1 shows the setup when the teacher is H-RNN and the student is also H-RNN. Fur-
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ther, the parameters of the output layer are shared between the teacher and the student.

The student is trained to minimize the squared error loss between the representation

computed by the student network ES and the representation computed by the teacher

ET . We refer to this loss as Lrep where the subscript rep stands for representations:

Lrep = ||ET − ES||2 (4.2)

4.2.3 Student Network: Intermediate Matching

We have tried a simple variant of the model, where in addition to ensuring that the final

representations ES and ET are similar, we also ensure that the intermediate representa-

tions (IS and IT ) of the models are similar. In particular, we ensure that the represen-

tation of the frames j, 2j and so on computed by the teacher and student network are

very similar by minimizing the squared error distance between the corresponding inter-

mediate representations. We refer to this loss as LIrep where the superscript I stands for

intermediate:

LIrep =

N
j
−1∑

i=j,2j,..

||I iT − I iS||2 (4.3)

4.2.4 Knowledge Distillation on Class Probabilities

Alternately, the student can also be trained to minimize the difference between the class

probabilities predicted by the teacher and the student. We refer to this loss as Lpred
where the subscript pred stands for predicted probabilities. More specifically if PT =

{p1T , p2T , ...., pmT } and PS = {p1S, p2S, ...., pmS } are the probabilities predicted for the m

classes by the teacher and the student respectively, then

Lpred = d(PT ,PS) (4.4)

where d is any suitable distance metric such as KL divergence or squared error loss.
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4.3 Baseline Models

The student network only processes k (< N ) frames in the video. We have considered

different baselines to explore the possible selections of frames in a video sequence. We

report results with different values of k : 6, 10, 15, 20, 30 and compare the performance

of our student networks with the following models:

a) Teacher-Skyline: The original hierarchical model which processes all the frames of
the video. This, in some sense, acts as the upper bound on the performance.

b) Uniform-k : A hierarchical model trained from scratch which only processes k
frames of the video. These frames are separated by a constant interval and are thus
equally spaced. However, unlike the student model this model does not try to match
the representations produced by the full teacher network.

c) Random-k: A hierarchical model which only processes k frames of the video.
These frames are sampled randomly from the video and may not be equally spaced.

d) First-k: A hierarchical model which processes the first k frames of the video.

e) Middle-k: A hierarchical model which processes the middle k frames of the video.

f) Last-k: A hierarchical model which processes the last k frames of the video.

g) First-Middle-Last-k: A hierarchical model which processes k frames by selecting
the first k

3
, middle k

3
and last k

3
frames of the video.

4.4 Different Training Paradigms

Intuitively, it makes sense to train the teacher first and then use this trained teacher

to guide the student. We refer to this as the Serial mode of training as the student is

trained after the teacher as opposed to jointly. For the sake of analysis, we use different

combinations of loss functions to train the student as described below:

(i) Lrep : Here, we operate in two stages. In the first stage, we train the student network

to minimize Lrep as defined above, i.e., we train the parameters of the student network

to produce representations which are very similar to the teacher network. The idea is

to let the student learn by only mimicking the teacher and not worry about the final

classification loss. In the second stage, we then plug in the classifier trained along with

the teacher (see Eq.4.1) and fine-tune all the parameters of the student and the classifier
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using the cross entropy loss, LCE . In practice, we found that the fine-tuning done in the

second stage helps to improve the performance of the student.

(ii) Lpred: Here, in the first stage of training, we train the student to only minimize

the difference between the class probabilities predicted by the teacher and the student.

Similar to the case (i), in the second stage of training, we plug in the classifier trained

with teacher and fine-tune the parameters using LCE .

(iii) Lrep + LCE: Here, we train the student to jointly minimize the representation loss

as well as the classification loss. The motivation behind this was to ensure that while

mimicking the teacher, the student also keeps an eye on the final classification loss from

the beginning (instead of being fine-tuned later as in the above cases).

(iv) Lpred + LCE: Here, in addition to mimicking the probabilities predicted by the

teacher, the student is also trained to minimize the cross entropy loss.

(v) Lrep + LCE + Lpred: Finally, we combine all the three loss functions. Figure 4.1

visually illustrates the process of training the student with different loss functions. For

the implementation of this setting, we present the complete pseudo code in Algorithm

1. We experimented with different weightage values of the loss functions Lrep, LCE
and Lpred, and observe that the optimal combination assigns an equal weightage to all

the loss functions (i.e., θrep = θpred = θCE).

For the sake of completeness, we also tried an alternate mode in which we train

the teacher and student in parallel such that the objective of the teacher is to minimize

LCE and the objective of the student is to minimize one of the five combinations of loss

functions described above. We refer to this as Parallel training.

4.5 Experimental Setup

In this section, we describe the dataset used for our experiments, the hyperparameters

that we considered, the baseline models that we compared with and the effect of differ-

ent loss functions and training methods.
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Algorithm 1: Complete Pseudo-code for Serial mode of training Student
Input: A labelled train set and an unlabelled test set of video clips
Output: Predicted video category of each video in the test set

Stage 1: Train Teacher Network

Initialize the weights of teacher network (WT and W classify
T , see Figure 4.1)

Train the parameters of teacher network (WT ,W
classify
T ) using LTCE , see Eq.4.1

Stage 2: Train Student Network

Initialise the parameters of student network (WS and W classify
S in Figure 4.1)

for D epochs do
Sample k uniformly spaced frames from an input video
Feed sampled frames through the student network to obtain ES
Feed the whole video through teacher network to obtain ET
Compute Lrep loss from video encoding obtained from the teacher (ET ) and the

student (ES)
Compute Lpred loss using probability distributions PT and PS predicted by

teacher and student classifiers respectively
Compute the classification loss LCE using PS
Compute the final loss as weighted sum of all loss functions to train the student:

Lstudent = θrepLrep + θpredLpred + θCELCE

Backpropagate Lstudent to train the parameters of student network
end for

Stage 3: Inference Using Student Network

for every video during inference do
Sample k uniformly spaced frames from the video
Pass these frames through the student network (WS and W classify

S ) to obtain PS
Predict the video category using the probability distribution PS

end for
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4.5.1 Dataset

The YouTube-8M dataset (2017 version) by Abu-El-Haija et al. (2016) contains 8 mil-

lion videos with multiple classes associated with each video. The average length of a

video is 200s and the maximum length of a video is 300s. The authors of the dataset

have provided pre-extracted audio and visual features for every video such that ev-

ery second of the video is encoded as a single frame. The original dataset consists

of 5,786,881 training (70%), 1,652,167 validation (20%) and 825,602 test examples

(10%). Since the authors did not release the test set, we used the original validation set

as test set and report results on it. In turn, we randomly sampled 48,163 examples from

the training data and used these as validation data for tuning the hyperparameters of the

model. We trained our models using the remaining 5,738,718 training examples.

4.5.2 Hyperparameters:

For all our experiments, we used Adam Optimizer (Kingma and Ba, 2015) with the

initial learning rate set to 0.001 and then decreased it exponentially with 0.95 decay

rate. We used a batch size of 256. For both the student and teacher networks we used a

2-layered MultiLSTM Cell with cell size of 1024 for both the layers of the hierarchical

model. For regularization, we used dropout (0.5) and L2 regularization penalty of 2

for all the parameters. We trained all the models for 5 epochs and then picked the best

model based on validation performance. We did not see any benefit of training beyond

5 epochs. For the teacher network we chose the value of l (number of frames per block)

to be 20 and for the student network, we set the value of l to 5 or 3 depending on the

reduced number of frames considered by the student.

For training the NetVLAD model, we used the standard hyperparameter settings as

mentioned in Miech et al. (2017). We considered 256 clusters and 1024 dimensional

hidden layers. Similarly, in the case of NeXtVLAD, we considered the hyperparameters

of the single best model as reported by Rongcheng et al. (2018). In this network, we are

working with a cluster size of 128 with hidden size as 2048. The input is reshaped and

downsampled using 8 groups in the cluster as done in the original paper. For all these

networks, we have worked with a batch size of 80 and an initial learning rate of 0.0002

exponentially decayed at the rate of 0.8. Additionally, we have applied dropout of 0.5
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on the output of NeXtVLAD layer which helps in regularization.

4.5.3 Evaluation Metrics

We used the following metrics as proposed in Abu-El-Haija et al. (2016) for evaluating

the performance of different models :

• GAP (Global Average Precision): is defined as:

GAP =
P∑
i=1

p(i)∇r(i)

where p(i) is the precision at prediction i, ∇r(i) is the change in recall at prediction
i and P is the number of top predictions that we consider. Following the original
YouTube-8M Kaggle competition we use the value of P as 20.

• mAP (Mean Average Precision) : The mean average precision is computed as the
unweighted mean of all the per-class average precisions.

4.6 Results And Discussion

Since we have 3 different base models (H-RNN, NetVLAD, NeXtVLAD), 5 different

combinations of loss functions (see section 4.2), 2 different training paradigms (Serial

and Parallel) and 5 different baselines for each base model, the total number of exper-

iments that we needed to run to report all these results was very large. To reduce the

number of experiments we first consider only the H-RNN model to identify the (a) best

baseline (Uniform-k, Random-k, First-k, Middle-k, Last-k, First-Middle-Last-k) (b)

best training paradigm (Serial v/s Parallel) and (c) best combination of loss function.

We then run the experiments on NetVLAD and NeXtVLAD using only the best base-

line, best training paradigm and best loss function thus identified. The results of our

experiments using the H-RNN model are summarized in Table 4.1 to Table 4.4 and are

discussed first followed by a discussion of the results using NetVLAD and NeXtVLAD

as summarized in Tables 4.5 and 4.6:
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MODEL k=6 k=10 k=15 k=20 k=30
GAP mAP GAP mAP GAP mAP GAP mAP GAP mAP

Model with k frames BASELINE METHODS

Uniform-k 0.715 0.266 0.759 0.324 0.777 0.35 0.785 0.363 0.795 0.378
Random-k 0.679 0.246 0.681 0.254 0.717 0.268 0.763 0.329 0.774 0.339
First-k 0.478 0.133 0.539 0.163 0.595 0.199 0.632 0.223 0.676 0.258
Middle-k 0.577 0.178 0.600 0.198 0.620 0.214 0.638 0.229 0.665 0.25
Last-k 0.255 0.062 0.267 0.067 0.282 0.077 0.294 0.083 0.317 0.094
First-Middle-Last-k 0.640 0.215 0.671 0.242 0.680 0.249 0.698 0.268 0.721 0.287
Training Student-Loss Teacher-Student METHODS

Parallel Lrep 0.724 0.280 0.762 0.331 0.785 0.365 0.794 0.380 0.803 0.392
Parallel Lrep,LCE 0.726 0.285 0.766 0.334 0.785 0.362 0.795 0.381 0.804 0.396
Parallel Lrep,Lpred,LCE 0.729 0.292 0.770 0.337 0.789 0.371 0.796 0.388 0.806 0.404
Serial Lrep 0.727 0.288 0.768 0.339 0.786 0.365 0.795 0.381 0.802 0.394
Serial Lpred 0.722 0.287 0.766 0.341 0.784 0.367 0.793 0.383 0.798 0.390
Serial Lrep,LCE 0.728 0.291 0.769 0.341 0.786 0.368 0.794 0.383 0.803 0.399
Serial Lpred,LCE 0.724 0.289 0.763 0.341 0.785 0.369 0.795 0.386 0.799 0.391
Serial Lrep,Lpred,LCE 0.731 0.297 0.771 0.349 0.789 0.375 0.798 0.390 0.806 0.405

Table 4.1: Performance comparison of proposed Teacher-Student models using differ-
ent Student-Loss variants, with their corresponding baselines using k frames.
Teacher-Skyline is the default model which processes all the frames in a
video, and achieves a GAP and mAP score of 0.811 and 0.414 respectively.

4.6.1 Comparison of Different Baselines

First, we compare the performance of different baselines listed in the top half of Table

4.1. As is evident, the Uniform-k baseline which looks at equally spaced k frames

performs better than all the other baselines. The performance gap between Uniform-

k and the other baselines is even more significant when the value of k is small. The

main purpose of this experiment was to decide the right way of selecting frames for the

student network. Based on these results, we ensured that for all our experiments, we

fed equally spaced k frames to the student.

4.6.2 Comparing Teacher-Student Network with Uniform-k Base-

line

As mentioned above, the Uniform-k baseline is a simple but effective way of reducing

the number of frames to be processed. We observe that all the teacher-student models

outperform this strong baseline. Further, in a separate experiment as reported in Table

4.2 we observe that when we reduce the number of training examples seen by the teacher

and the student, then the performance of the Uniform-k baseline drops and is much

lower than that of the corresponding Teacher-Student network. This suggests that the

Teacher-Student network can be even more useful when the amount of training data is
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Model Metric %age of training data

10 25 50

Serial GAP 0.774 0.788 0.796
mAP 0.345 0.369 0.373

Uniform GAP 0.718 0.756 0.776
mAP 0.220 0.301 0.349

Table 4.2: Effect of amount of training data on performance of Serial and Uniform mod-
els using 30 frames

limited.

(a) Lrep (b) Lrep + LCE (c) Lrep + LCE + Lpred
Figure 4.2: Performance comparison (GAP score) of different variants of Serial and

Parallel methods in Teacher-Student training

.

4.6.3 Serial Versus Parallel Training of Teacher-Student

While the best results in Table 4.1 are obtained using Serial training, if we compare the

corresponding rows of Serial and Parallel training we observe that there is not much

difference between the two. We found this to be surprising and investigated this further.

In particular, we compared the performance of the teacher after different epochs in the

Parallel training setup with the performance of a static teacher trained independently

(Serial). We plotted this performance in Figure 4.2 and observed that after 3-4 epochs

of training, the Parallel teacher is able to perform at par with the Serial teacher (the

constant blue line). As a result, the Parallel student now learns from this trained teacher

for a few more epochs and is almost able to match the performance of the Serial student.

This trend is same across the different combinations of loss functions that we used.
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Figure 4.3: TSNE-Embedding of teacher and student representations. Here, class c
refers to the cluster representation obtained corresponding to cth class,
wherein t and s denote teacher and student embedding respectively.

4.6.4 Visualization of Teacher and Student Representations

Apart from evaluating the final performance of the model in terms of mAP and GAP,

we also wanted to check if the representations learned by the teacher and student are

indeed similar. To do this, we chose top-5 classes (class1: Vehicle, class2: Concert,

class3: Association football, class4: Animal, class5: Food) in the Youtube-8M dataset

and visualized the TSNE-embeddings of the representations computed by the student

and the teacher for the same video (see Figure 4.3). We use the darker shade of a color

to represent teacher embeddings of a video and a lighter shade of the same color to

represent the student embeddings of the same video. We observe that the dark shades

and the light shades of the same color almost completely overlap showing that the stu-

dent and teacher representations are indeed very close to each other. This shows that

introducing the Lrep loss indeed brings the teacher and student representations close to

each other.

4.6.5 Matching Intermediate and Final Representations

Intuitively, it seemed that the student should benefit more if we train it to match the

intermediate representations of the teacher at different timesteps as opposed to only the

final representation at the last time step. However, as reported in Table 4.3, we did not
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MODEL Intermediate Final

GAP mAP GAP mAP

Parallel Lrep 0.803 0.393 0.803 0.392
Parallel Lrep + LCE 0.803 0.396 0.804 0.396
Parallel Lrep + Lpred 0.804 0.400 0.806 0.404

Serial Lrep 0.804 0.395 0.802 0.394
Serial Lrep + LCE 0.803 0.397 0.803 0.399
Serial Lrep + Lpred 0.806 0.405 0.806 0.405

Table 4.3: Comparison of Final and Intermediate representation matching by Student
network using k=30 frames

Model Time (hrs.) Avg. time taken FLOPs (Billion)
by a video (in seconds)

Teacher-Skyline 13.00 2.185e-09 5.058

k= 10 7.61 1.279e-09 0.167
k= 20 8.20 1.378e-09 0.268
k= 30 9.11 1.531e-09 0.520

Table 4.4: Comparison of FLOPs and evaluation time of models using k frames with
Skyline model on original validation set using Tesla k80s GPU. The average
length of a video in the set is 230 seconds

.

see any benefit of matching intermediate representations.

4.6.6 Computation time of different models

The main aim of this work was to ensure that the computational cost and time is min-

imized at inference time. The computational cost can be measured in terms of the

number of FLOPs. As shown in Table 4.4 when k=30, the inference time drops by 30%

and the number of FLOPs reduces by approximately 90%, but the performance of the

model is not affected. In particular, as seen in Table 4.1, when k = 30, the GAP and

mAP drop by 0.5-0.9% and 0.9-2% respectively as compared to the teacher skyline.

4.6.7 Performance using NetVLAD models

In Table 4.5 we summarize the results obtained using NetVLAD as the base model in

the Teacher-Student network. Here the student network was trained using the best loss

function ( Lrep,Lpred,LCE) and the best training paradigm (Serial) as identified from

the experiments done using the H-RNN model. Further, we consider only the Uniform-
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Model: NetVLAD k=10 k=30

mAP GAP mAP GAP

Skyline 0.462 0.823

Uniform 0.364 0.773 0.421 0.803

Student 0.383 0.784 0.436 0.812

Table 4.5: Performance of NetVLAD model with k= 10, 30 frames in proposed Teacher-
Student Framework

Model: NeXtVLAD k=30 FLOPs
mAP GAP (in Billion)

Skyline 0.464 0.831 1.337

Uniform 0.424 0.812 0.134

Student 0.439 0.818 0.134

Table 4.6: Performance and FLOPs comparison in NeXtVLAD model with k=30 frames
in proposed Teacher-Student Framework

k baseline as that was the best baseline as observed in our previous experiments. Here

again we observe that the student network does better than the Uniform-k baseline.

4.6.8 Combining with memory efficient models

Lastly, we experiment with the compact NeXtVLAD model and show that the student

network performs slightly better than the Uniform-k baseline in terms of mAP but not

so much in terms of GAP (note that mAP gives equal importance to all classes but GAP

is influenced more by the most frequent classes in the dataset). Once again, there is a

significant reduction in the number of FLOPs (approximately 89%).

4.7 Summary

We proposed a method to reduce the computation time for video classification using

the idea of distillation. Specifically, we first train a teacher network which computes a

representation of the video using all the frames in the video. We then train a student

network which only processes k frames of the video. We use different combinations

of loss functions which ensures that (i) the final representation produced by the student
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is similar to that produced by the teacher and (ii) the output probability distributions

produced by the student are similar to those produced by the teacher. We compare the

proposed models with a strong baseline and skyline and show that the proposed model

outperforms the baseline and gives a significant reduction in terms of computational

time and cost when compared to the skyline. In particular, we evaluate our model

on the YouTube-8M dataset and show that the computationally less expensive student

network can reduce the computation time by 30% while giving almost the performance

as the teacher network.
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CHAPTER 5

Dynamic Frame Selection

In the previous chapter, we showed that using Knowledge Distillation we can train a

student network which only looks at a few uniformly sampled frames but still gives

comparable performance to a teacher which looks at all the frames. In this chapter, we

focus on the problem of dynamically selecting fewer frames from a video instead of

selecting uniformly sampled frames. Here, the importance of a frame is determined by

how relevant it is for the central theme of the video. To achieve this goal, we design a

reinforcement learning agent SkipFrame, which learns to sample fewer frames from a

video with an end goal to classify it correctly. This eventually results in the processing

of fewer frames at inference time and hence, makes the network more compute-efficient.

5.1 Overview of Proposed Approach

Normal Playing of a video

SkipFrame playing of a video skip-interval

Figure 5.1: Frame skipping in a video

We train a reinforcement learning agent to look at the context of frames seen so far,

and based on this information, learn to skip certain future frames by selecting an action

from a predefined action set. We call the action set as skip-interval, which determines

the number of frames to be skipped after the current frame is seen (selected). As a

result, at each time step, the agent jumps directly to the frame after the skipped ones

as depicted in Figure 5.1. After observing all the selected frames and reaching the

end of the video, the agent feeds the selected sequence of frames to the classification

network. The ‘classification score’ returned by the video classifier acts as a ‘reward



signal’ (an evaluative feedback signal) for the agent. The end goal of an agent is always

to maximize such ‘reward signals’ throughout the training process.

5.2 Modelling

To achieve our goal, we need to answer the following question: “Does there exist a dy-

namic way in which we can select or skip the frames from a video, as a result of which

only relevant frames are presented to the classification network?” We address the above

question using the model depicted in Figure 5.2. Essentially, we cast this problem in a

reinforcement learning framework termed as SkipFrame, wherein the agent continually

interacts with the outside environment, which is the overall context of the video seen so

far. At each step t = 1, 2, ..., T of an episode (training on a single video), it learns to skip

the possibly unimportant future frames based on the history of video frames seen so far,

wherein T is the length of an episode. We now move onto the discussion of different

components in our proposed model.
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CNN RL Agent
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non-differentiable

Figure 5.2: Architecture of SkipFrame for video classification

5.2.1 Video-Encoding Network

The first component in the SkipFrame model is a video-encoding network, which is used

to encode an input video sequence of N frames (F1, F2, . . . , FN ). Abu-El-Haija et al.

(2016) used the popular ResNet-50 model(He et al., 2016) to pre-extract the spatial

characteristics of each video frame Ft to obtain a frame feature at each step t. We
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further aggregate these frame features using a Hierarchical RNN (Pan et al., 2016) to

encode the temporal information spanned across the sequence (see section 2.3.2 for a

detailed description). We denote the parameters of this video-encoding network by θV E .

In general, the encoding network saves the history ht of the video frames F1, F2, ..., Ft

seen until step t. The last hidden state hN computed at the end of the video (i.e., when

t = N ) intuitively represents an overall summary of the whole video sequence (see

Eq.5.1).

ht = H-RNN(ht−1, Ft; θ
V E) (5.1)

5.2.2 Classification Network

We feed the last hidden state of the encoding network hN as an input to the classi-

fication network, which is parameterized by θC . We use Mixture-of-Experts classifier

(MoE) (Miller and Uyar, 1997) for multi-label video classification(as proposed by Abu-

El-Haija et al. (2016)). The output layer of this classifier generates a Bernoulli distri-

bution (sigmoid output) for each of the Y classes in the data. The parameters of the

video-encoding (θV E) and classification (θC) networks are trained using LCE , which is

the sum of standard binary cross-entropy losses computed for each of the Y classes.

Mathematically, we define this loss in Eq.5.2, wherein y and ŷ are the true labels and

predictions respectively.

LCE = −
|Y |∑
i=1

yi log(ŷi) + (1− yi) log(1− ŷi) (5.2)

5.2.3 Reinforcement Learning Agent

The RL agent attempts to find the optimal policy for a finite and sequential Markov

Decision Process (MDP) M (S, A, P(.|s, a), R(s)). Here, S is defined as a set of

states (s ∈ S), A is a set of plausible actions, P(.|s, a) is the probability distribution

over all the next states, given that the agent selects an action a at a given state s and

R(s) represents the expected reward obtained when transitioning to a state s . The state

space S in the proposed setup represents the history of frames seen so far in the video.

We restrict the agent to observe a maximum of k frames, i.e., the length of an episode
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Figure 5.3: Structure of policy network

can not exceed k, see Figure 5.2.

State Space: At each time step t, the agent looks at the current state st (encoding of

video ht), which is obtained from the integration of current frame Ft and the previous

history ht−1 in the video-encoding network (see Figure 5.2). In general, we can use

any feature-aggregation network for the purpose of encoding a video. The encoding ht

apparently summarizes the video seen so far and hence, is treated as the current state st

of the environment seen by the agent.

Action Space: Given the current knowledge of state st, the agent selects an action at

from the action set A = {a1, a2, . . . , aM}, where M represents the maximum number

of possible actions. Here, at determines the number of frames to be skipped by the

agent from the current frame Ft called as skip-interval. In this work, we consider an

action set containing 25 discrete actions: {a1, a2, . . . , a25} mapped to the skip-intervals

of {5, 6, . . . , 29} and denoted by A25. The lower limit on the skip-interval makes sure

that the agent learns to skip at least a small set of frames while parsing the video. Also,

there is an upper bound on the number of frames to be skipped so as to not bypass

any important frame in the sequence. The overall goal behind this design choice is to

encourage the agent to explore the whole frame-sequence to find the important frames

in a video.

Policy Network: We define policy as the probability distribution over the set of actions

A = {a1, a2, . . . , aM} given the current state (see Figure 5.3). The goal of an RL agent

is to find a policy π which maximizes the expected cumulative reward for the observed

state st at each time step t. To achieve this goal, we implement the policy network by

a simple feed-forward neural network f containing M neurons in the output layer. It is
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followed by a softmax activation on theseM outputs, which is equivalent to the number

of possible actions (see Figure 5.3). The parameters of the policy network f are denoted

by θπ. In SkipFrame architecture shown in Figure 5.2, the current hidden state ht at each

step obtained from the video-encoding network is passed to the policy network f as the

state of the environment. The network outputs a probability distribution π(ai|ht; θπ)

over all the possible actions ai ∈ A (see Eq.5.3). The current action selected by the

agent is sampled from this distribution i.e., at ∼ π(.|ht; θπ) during the training process.

Once the policy network has been trained well, the agent selects the action with the

maximum probability estimate i.e., at = arg maxai π(ai|ht; θπ) during inference.

π(ai|ht;φ) =
efi(st;θ

π)∑M
j=1 e

fj(st;θπ)
(5.3)

Cumulative Reward: As explained above, based on the current action at selected by

the agent, the next frame in the sequence Ft+1 is picked, and the corresponding CNN

feature is fed as the current input to video-encoding network (H-RNN in our case). As

visually shown in Figure 5.3, video encoding obtained up to the step t + 1 i.e., ht+1 is

treated as the next state of the environment st+1. The state st+1 is then presented to the

classifier to obtain an immediate reward rt+1 in the form of a classification score. The

cumulative reward (expected future reward) at any time step t of an episode with length

T can be defined as shown below:

Rt =
T−1∑
j=t

rj+1(sj, aj) (5.4)

5.3 Training

We train SkipFrame in a stagewise manner. In the first stage, we train the parameters

of the video-encoding network i.e., θV E and the classification network i.e., θC with

an objective function of a binary cross-entropy loss (classification loss) using standard

backpropagation as defined in Eq.5.2. Subsequently, in the second stage, we utilize a

Policy Gradient method namely REINFORCE (Williams, 1992) to train the parameters

θπ of the policy network, while keeping the parameters θV E and θC non-trainable. For

further clarity on the implementation side, we provide the pseudocode of the training

algorithm 2.
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Algorithm 2: Pseudo-code for SkipFrame training with DELAY-REWARD design

Stage 1: Train Video-Encoding (VE) Network

Initialize the parameters of video-encoding network θV E (see Figure 5.2) and the
classifier θC
Train the parameters θV E and θC using clasisification loss LCE , see Eq.5.2

Stage 2: Train SkipFrame

Initialise the parameters of policy network θπ (Figure 5.2)
for each video of N frames in train set do

Set timestep t=1 and budget of k on the number of frames to be selected
Select the first frame F1 of video as the starting frame Ft of the sequence
repeat

Feed the CNN feature of the current frame Ft to the VE network (trained in
Stage 1) to obtain the current state of environment st= ht

Feed the current state st to policy network with parameters θπ

Sample an action at ∼ π(.|st; θπ), where π is the action probability distribu-
tion generated by the policy network

Select the next frame in the sequence Ft+1 according to the current action at
Set the current frame Ft = Ft+1

Set time step t = t+ 1

until t > k or end of the video
Feed the state at final step T (i.e., sT ) to the classifier to obtain a reward of RT

for each step t of selected sequence do
Compute the gradients of objective function J w.r.t policy network parame-

ters θπ (section 5.3.1)
Backpropagate these gradients to train the parameters θπ using Eq.5.8

end for
end for
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5.3.1 Policy Gradients

For training the policy network parameters θπ, we need to design a suitable loss and re-

ward function, and handle non-differentiable components using the REINFORCE trick.

In this section, we explain the objective/performance function J and estimated gradient

for training the parameters of the policy network. We can write the objective function of

an RL agent as the expected reward of the whole sequence of states (frames) observed

and the actions taken by the agent: {s1, a1, s2, a2, ..., sT−1 ,aT−1 ,sT} under the cur-

rent policy π(·; θπ), as given in Eq.5.5. The gradient of this objective w.r.t. the policy

network parameters θπ can be written as shown in Eq.5.6.

J (θπ) = E[
T−1∑
t=1

rt+1] (5.5)

∇θπJ (θπ) = E[
T−1∑
t=1

∇ log π(at|st; θπ)×Rt] (5.6)

However, due to a high-dimensional search space comprising of the action sequences

{a1, a2, ..., aT−1}, estimating the value of the gradient using Eq.5.6 for a given pol-

icy becomes computationally expensive. Hence, we utilize REINFORCE by Williams

(1992) to approximate the gradients using Monte-Carlo sampling as shown below:

∇θπJ (θπ) ≈ 1

N

N∑
n=1

T−1∑
t=1

∇ log π(ant |snt ; θπ)×Rn
t (5.7)

θπ ← θπ + α∇θπJ (θπ) (5.8)

It is to be noted that in Eq.5.7, N is the number of frame-sequences (Monte-Carlo tra-

jectories) obtained according to the current policy π(·; θπ). We estimate the cumulative

reward Rn
t of the nth trajectory at step ‘t’ by following the current policy π itself to ob-

tain the future rewards rt+1, rt+2, ..., rT up to the final step. Hence, the agent learns to

maximize the log probability log π of actions which lead to better future rewards in the

form of cumulative reward R. The policy parameters are then updated using standard

gradient ascent as shown in Eq.5.8.
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5.3.2 Exploration

An RL agent must intuitively try out any selected action multiple times to obtain an

accurate estimate of the corresponding reward signal. To do so, the agent must exploit

these selected actions in the future as well to receive more such rewards. However, it

may result in a lack of sufficient exploration and evaluation of other actions. To encour-

age the exploration of different regions in the action space (in other words, different

skip-intervals), ε-Greedy action selection (Sutton and Barto, 2018) is used.

In this work, we experiment with a better approach to encourage exploration as

proposed by Mnih et al. (2016), which explicitly maximizes the entropy E (θπ) of the

whole action probability distribution π, being generated at each step t by the policy

network. Mathematically, it can be defined as written in Eq.5.9. By maximizing the

entropy, we discourage the actions which achieve a high probability of selection in the

distribution π.

E (θπ) = − 1

T

T∑
t=1

{ 1

|A|
∑
a∈A

π(a|ht; θπ) log π(a|ht; θπ)} (5.9)

The final loss function Lpolicy used to train the policy network is a combination of two

objective functions: J and E , where the entropy function E has γ weightage in the final

loss as shown below:

min
θπ
{Lpolicy(θπ)} = max

θπ
{J (θπ) + γE (θπ)} (5.10)

5.3.3 Designing Reward

At each time step t, we receive an immediate reward signal rt+1 when the state changes

from st to st+1. In the SkipFrame model, we experiment with two types of immediate

reward signals namely, (i) negative classification loss (negative cross-entropy LCE , dis-

cussed in the Eq.5.2), (ii) GAP score (a performance metric discussed earlier in section

4.5.3). We further discuss two types of reward-designs for training SkipFrame using

any one of these reward signals.

1. IMM-REWARD: In this reward-design, we consider the immediate reward re-
ceived by the agent to be non-zero at each time step t. The video-encoding repre-
sentation of the frame-sequence selected by the agent up to step t is passed onto
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the classification network to obtain an immediate reward rt+1. This immediate
reward can be either negative LCE or GAP performance.

2. DELAY-REWARD: In this reward-design, we consider zero immediate rewards
for an incomplete parsing of the video when t < T , see Eq.5.11. Hence, the
cumulative reward Rt at each step t for the frame-sequence chosen by the agent
solely consists of the final-step immediate reward rT , i.e., Rt = rT ∀t.

rt =

{
(−LCE) or GAP if t=T
0 if t<T

(5.11)

5.4 Experimental Setup

5.4.1 Baselines

We consider the skyline network as the original hierarchical network (backbone network

for video classification) trained with all the frames in a video. The baseline network also

has the same structure, but is trained on a fixed budget of k frames, where k can be: (i)

randomly spaced frames (Random-k) or (ii) uniformly spaced frames (Uniform-k) or

(iii) the first k frames (First-k) or (iv) the middle k frames (Middle-k) or (v) the last

k frames (Last-k) or (i) the first k
3
, middle k

3
and last k

3
frames (First-Middle-Last-k),

in the input video. For the experiments in this chapter, we use k = 10 to analyze the

performance of an RL agent with a very small and strict budget.

5.4.2 Dataset and Evaluation

As mentioned earlier, we use the Youtube-8M dataset by Abu-El-Haija et al. (2016),

which is a large-scale and the most diverse dataset for multi-label video classification.

It is noteworthy that the authors provide only the pre-extracted features for images in the

videos of this dataset for public use. We provided a detailed description of this dataset

in section 4.5.1. The details of training, validation and test sets used in the experiments

are mentioned in section 4.5.1. We limit our evaluation to only top-20 predictions for

each test sample as mentioned in Abu-El-Haija et al. (2016). We use mean Average

Precision (mAP) and Global Average Precision (GAP) metrics for evaluation in all the

experiments as discussed earlier in section 4.5.3.
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5.4.3 Hyperparameters

The hyperparameters used during the training of various networks have been described

below.

Video-Encoding and Classification Network Training: The video-encoding network

used is a Hierarchical RNN network (H-RNN) with 2-layered MultiLSTM Cell, wherein

each cell has a hidden size of 1024. For the structure of H-RNN, we use the same

configuration as explained earlier in section 4.5.2. The classification network used is a

Mixture Of Experts (MoE) (Miller and Uyar, 1997) with three experts, each one being a

standard logistic classifier. The video-encoding and classification network together are

trained using the binary cross-entropy loss for approximately 5 epochs with a batch size

of 64. For regularization, we used dropout (0.5) and L2 regularization penalty of 2 for

all the parameters. For all our experiments, we used Adam Optimizer with the initial

learning rate set to 0.001 and then decreased it exponentially with 0.95 decay rate.

Policy Network Training: The policy network used in this work consists of a single

fully-connected layer with 25 hidden units. This is followed by a softmax activation on

top, resulting in a probability distribution over the possible actions. The parameters of

the policy network are initialized using Xavier (Glorot and Bengio, 2010b) initializa-

tion. For training the agent, we used Adam Optimizer with the initial learning rate set to

0.0001. The RL agent in our setting is trained for approximately 15 epochs with a batch

size of 64 and the best model is chosen according to its performance on the validation

set. We initialize the degree of exploration γ in the loss function Lpolicy (see Eq.5.10)

to 0.001 and manually halve it after every 5 epochs of training.

5.5 Results and Discussion

We show the structure of the proposed framework in Figure 5.2. The performance of the

skyline model, which uses all the frames in a video is shown in the first row of Table 5.1.

We experiment with two different reward designs explained in section 5.3.3 namely:

(i) IMM-REWARD, (ii) DELAY-REWARD using the action space A25 defined in section

5.2.3. Using the DELAY-REWARD, we also experiment with GAP as the ‘reward’ signal

instead of the negative classification loss (−LCE). Further, we construct a new action
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space Alt-A25 by allowing alternating skip-intervals from the action set A25 i.e., Alt-

A25 = {5, 7, 9, 11, 13, 15, 17, 19, 21, 23, 25, 27, 29}. It allows the agent to skip only the

alternating number of frames after observing the current frame in a video. The results

of these experiments are summarized in Table 5.1.

5.5.1 Performance Comparison of Baselines and SkipFrame

We initially compare the performance of baseline models, and as expected, Uniform-10

which looks at equally spaced 10 frames is a very strong baseline as compared to the rest

of the models as shown in Table 5.1. It should be noted here that we use −LCE as the

reward signal unless otherwise mentioned. We then evaluate and compare the perfor-

mance of the proposed SkipFrame model in different settings. Firstly, while comparing

the reward-designs, we observe that DELAY-REWARD proves to be a better feedback

signal for the sequence of frames sampled by the agent. It, therefore, correlates with

the intuition that accurate evaluative feedback can only be obtained when the model

has seen until the end of a video to classify it and hence, there is no true intermediate

feedback.

Further, when we try to constrain the action space to alternate skip-interval {Alt-

A25}, we observe that the agent performs poorly when compared to the standard action

set A25. As reported in Table 5.1, we can see that none of the SkipFrame models

explored so far is able to beat the Uniform-10 baseline. We achieve a better performance

of the proposed model SkipFrame (GAP: 0.764 and mAP: 0.341) only when we use

DELAY-REWARD design with GAP as the reward signal and utilize the full action space

Model Reward-Design Actions GAP mAP

Skyline - - 0.812 0.414

Uniform-10 - - 0.759 0.324
Random-10 - - 0.675 0.251
First-10 - - 0.539 0.163
Middle-10 - - 0.600 0.198
Last-10 - - 0.267 0.067

SkipFrame
DELAY-REWARD A25 0.755 0.322
IMM-REWARD A25 0.738 0.286

SkipFrame
DELAY-REWARD Alt-A25 0.742 0.291
IMM-REWARD Alt-A25 0.739 0.288

SkipFrame DELAY-REWARD: GAP A25 0.764 0.341

Table 5.1: Performance comparison of different variants of the SkipFrame models and
the baselines. For all the variants of SkipFrame, we fix a budget of 10 frames.
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Figure 5.4: Comparison of frame-indices picked by different models.
Note: GAP score performance of each model is shown at the end of its series in the graph. The average number
of frames in a video is 230.

of A25.

5.5.2 Frame Selection

We explicitly encourage the SkipFrame model for better exploration (denoted by Exp)

of search space while skipping the irrelevant frames in the video. We compare the loca-

tion (indices) of the frames eventually picked by the different models at inference time

in Figure 5.4. The indices reported in Figure 5.4 are the frames selected for majority

of the videos by the RL agent with the highest probability at inference time. We ob-

serve that SkipFrame model without any exploration (Exp) and −LCE reward learns to

focus on the initial half portion of the video alone (on average) and hence, performs

even worse than the Uniform baseline. However with added exploration, it learns to

better span the video sequence and performs as good as Uniform baseline. Similarly,

SkipFrame model which uses GAP reward also benefits from the explicit exploration

and thus, outperform the other models. A noteworthy observation is that these well-

trained SkipFrame models however tend to select frames located in the neighborhood

of uniformly spaced frames, as evident in Figure 5.4. In a separate experiment, we

replace the initial half portion (precisely, initial 150 frames ) of a video with random

noise and observe the frame selection in this scenario. We notice that the sequence of

skip-intervals selected at inference time (for majority of the videos) is: {20, 25, 22, 24,

29, 17, 19, 19, 20, 18}. We observe that the value of skip-interval selected by the agent
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Figure 5.5: Action distributions obtained in the training of SkipFrame at first and second step
of the episode, with a degree of exploration γ = 0.001.
Note: at each step of training, the action distribution shown is averaged over the current batch being processed.

in the initial half portion of video is relatively larger as compared to that of the other

half. We can thus say that the agent learns to identify the noisy frames in the initial por-

tion of the video and hence resorts to selecting large skip-intervals in the initial portion

of the video.

5.5.3 Action Distributions

We try to pictorially visualize the training of SkipFrame in Figure 5.5. In particular,

we show the transition in the histograms of action distributions (at first and second step

of the sequence) with each epoch of training. As can be observed, initially, the agent

picks the skip-interval almost randomly from the action space. However, with training,

the agent’s action distribution concentrates on one or two skip-intervals, which results

in a better classification score. Moreover, increasing exploration (γ) beyond a point as

shown in Figure 5.6 results in the agent being unable to focus on a few actions and

instead, converges to a much more uniform distribution.

5.5.4 Label Distribution

We also tried to look at the temporal distribution of labels assigned to videos in the

YouTube-8M dataset. We observe that the multiple labels assigned to a video are gen-

erally spread across its entire length, as shown in a sample video in Figure 5.7. Thus, it

becomes necessary for the agent to observe until the end of a video to correctly classify

multiple labels while processing only the relevant frames in the video. We hypothesise

that given the nature of the dataset, selecting uniformly spaced frames is perhaps the
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Figure 5.6: Action distribution obtained in the training of SkipFrame at the first step of the
episode, with a degree of exploration γ = 0.01.

best strategy to cover all the categories in the video.

Figure 5.7: Sketch of a sample video from YouTube-8M dataset (Abu-El-Haija et al., 2016)
with true labels: Travel, Nature, Train Station, Vehicle

5.5.5 Computation Cost

We further compare the computational costs of SkipFrame, skyline and the Uniform

baseline models in terms of the number of floating point operations (FLOPs). In com-

parison to the skyline, Uniform is able to lower the number of FLOPs by around 90%.

One interesting observation is that although the SkipFrame model is able to outperform

Uniform by a margin of 0.7% as seen in Figure 5.4, this improvement comes at the cost

of a relatively more number of FLOPs (see Table 5.2). However, SkipFrame eventually

converges to selecting frames in the neighborhood of uniformly spaced frames only as

discussed earlier.

Some of the primary findings of the above analysis are: (i) the multiple labels as-

signed to a video, in general correspond to different portions spanning across the length

of the video, (ii) SkipFrame model eventually selects the frames located around uni-

formly spaced frames, and (iii) it incurs additional FLOPs as compared to the Uniform

baseline. This leads us to conclude that Uniform is an easier to implement, efficient and

well-performing strategy for fewer frame selection on the video classification task.
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Model #Frames #FLOPs

skyline 230 5.058 B
Uniform 10 0.167 B
SkipFrame 10 0.167 B + 81.92 K

Table 5.2: Comparison of FLOPs (computation cost) of different models. Here, B: Billion and
K: Thousand are the order of #FLOPs

5.6 Summary

We introduce an RL framework SkipFrame which learns to skip the future irrelevant

frames based on the contextual information about the video frames seen so far. We

propose two different designs of rewards which can be used to train this RL agent: (i)

DELAY-REWARD, (ii) IMM-REWARD. Further, we compare the different reward signals

obtained by the agent from the skyline model in the form of: (i) negative classification

loss, (ii) GAP score (an evaluation metric). We empirically establish the superiority

of ‘DELAY-REWARD’ design with GAP reward signal over the other alternatives. We

also study the effect of exploration on the selection of frame sequences picked by the

SkipFrame model and establish that increasing it beyond a limit results in performance

degradation due to the network not being able to focus on the optimal actions. We

explore the temporal distribution of multiple video labels in the dataset and observe

that these labels are generally spread across the length of the video. We conclude this

chapter with a primary finding that Uniform is an easier and efficient strategy for find-

ing relevant frames for the classification task, undermining the need for the SkipFrame

model.
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CHAPTER 6

Conclusions and Future Work

In this chapter, we summarize the work done in this thesis and elaborate on the final

conclusions, listing the possible future directions and the primary outcomes of our re-

search work.

6.1 Conclusions

In this thesis, we addressed the problem of efficient video classification, with a specific

focus on building compute-efficient models utilizing fewer frames. We commenced the

investigation with the exploration of state-of-the-art methods for video classification,

which primarily included recurrent neural network and cluster-and-aggregate based

models. One of the key drawbacks of these models was their high compute and mem-

ory requirements due to the processing of every frame in the video. Previous works in

the literature have mostly addressed the problem of reducing the memory requirement

of the model by making it more compact with fewer parameters, thereby making the

model compute-efficient as well. However, inspired by the working of a human brain,

we hypothesized that not all frames are required to semantically understand the video

and there is scope to lower the number of frames processed by the network. Thus, com-

plementing previous works, we focused on lowering the number of frames processed

by the model.

We leveraged the idea of distillation to build a compute-efficient classification model

that utilizes only few frames to classify the video. In particular, a compute-heavy

teacher trained on the entire video is used for distilling knowledge to a student net-

work, which is trained using only a fraction of the video frames. The knowledge is

encoded either in the form of video representation or the class probability distribution

learned by the teacher. As a part of our empirical study, we established that picking

uniformly spaced frames is a strong baseline, and clearly, a potential candidate for the

student network. We performed an extensive experimental analysis on YouTube-8M



benchmark dataset of multi-label classification and demonstrated that the proposed stu-

dent outperforms the baselines. In comparison to the teacher network, we empirically

showed that the student is able to lower the number of FLOPs by 90%, with a negligible

drop in GAP performance.

As a part of the above analysis, we focused on the two most popular paradigms of

video classification: (i) recurrent neural network and (ii) cluster-and-aggregate based

methods. Under cluster-and-aggregate based methods, we experimented with the state-

of-the-art model , NetVLAD, and its memory-efficient version i.e., NeXtVLAD. The re-

sults obtained were similar for all the above-stated models, which empirically shows

that the Teacher-Student framework can be easily integrated with memory-efficient

models as well and thus our work complements the existing research on memory-

efficient models. The results presented in chapter 4 have been published in Bhardwaj

and Khapra (2018) and Bhardwaj et al. (2019).

Further, in Chapter 5, we tackled the problem of dynamically selecting relevant

frames from a video. We introduced an RL agent SkipFrame, which skips the unimpor-

tant frames by looking at the history of frames seen so far, wherein the agent is trained

by Policy Gradient methods using the classification score (reward signal) obtained by

feeding the selected frames through a classification network. We experimented with

various performance metrics: standard classification loss and GAP score, as the reward

signal, along with multiple reward-designs - one obtained at every step by feeding the

frames selected so far to a classifier and the other obtained only after processing the

entire video. Empirically, we showed that the latter reward-design combined with the

GAP reward was able to outperform the Uniform baseline. Based on further experi-

mental analysis, we observed that the well-performing models were generally biased

towards selecting uniformly spaced frames spanning the entire video.One reason for

this could be that the multiple labels associated with a video generally correspond to

different portions of the video. Although SkipFrame was able to beat the Uniform base-

line in terms of classification score, eventually the selected frames were more or less

located in the neighborhood of uniformly spaced frames. Based on the above two obser-

vations and combined with the analysis that SkipFrame incurred slightly more FLOPs

as compared to the Uniform baseline, we concluded that Uniform is an easier to imple-

ment strategy for dynamic frame selection, with a significant frame reduction and good

performance.
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