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Abstract

We propose a new unified approach to generate high quality temporal action proposals from

untrimmed videos called Incorporated temporal action proposal generation. The concept behind

this model is to consolidate the processes that classify the small temporal segments and evaluate

the larger proposal features. In doing so, we seek to reduce the total number of computational

units necessary for end-to-end proposal generation. For our research, we have conducted

our experiments on the action proposal task in the ActivityNet challenge where the goal is to

produce a set of candidate temporal segments that are likely to contain a human action.

In addendum to the aforementioned research, we also propose an extension to this work by

applying video level classification on our proposals. For this work, we emphasize the importance

of accurate sequential modelling of temporal segments to properly distinguish between macro

and micro-level actions within untrimmed videos and we compare our results with other

state-of-the-art spatio-temporal models.
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Chapter 1

Introduction

1.1 Motivation

Computer vision is a research field that has seen remarkable progress over recent years. It deals

with the processing and analysis of digital images and videos to extract information and generate

high-level representations. Traditionally, this pursuit was dominated using feature detection and

feature extraction through the use of mathematical methods such as edge detection and feature

descriptors such as SIFT. Recently, advancements in artificial intelligence have contributed to

the better understanding and processing of digital images and videos. Fueling this success is the

design and utilization of complex Deep Learning neural architectures that eclipse the tradition

approaches in terms of performance. Furthermore, they have shown their versatility through

translation-invariance in image processing as in the case of Convolutional Neural Networks

(CNN).
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While these advancements have made various applications for image related tasks increas-

ingly viable, the employment of such progressively complex architectures for video related tasks

is a challenge. The temporal dimension in untrimmed videos results in an exceedingly large

computational cost that makes practical use of the models with large datasets unfeasible. We

specifically target the temporal action proposals task and undertake this effort to prove we

can obtain comparable results using an improved end-to-end design. We achieve this using a

simpler neural network and a more efficient sequential modeling approach using Feedforward

Sequential Memory Networks (FSMNs) which was first proposed by Zhang [12] for speech

recognition and language modeling tasks. In this thesis, we present a novel approach in using

feedforward sequential memory networks (FSMN) for the temporal action proposal task and

the action classification task.

1.2 Contribution and Thesis Organization

Over the past few years, the ActivityNet challenge has gained increasing popularity with the

temporal action proposals being the hardest task to tackle.

Contrary to many of the top design choices for this task, we propose an architecture with a

reduction in computational complexity by using Feedforward Sequential Memory Networks

(FSMN).

In recent years, Feedforward Sequential Memory Networks (FSMNs) have been successfully

implemented in various speech recognition and language modelling tasks.[11] For our research,

we apply to FSMNs to model spatio-temporal data. We also contend we can make significant

2



design modifications in the visual features to proposals pipeline to reduce the number of

computational units while still being able to successfully capture sequential data in untrimmed

videos.

Subsequently, we expand the use of FSMNs for other tasks such as action classification to

culminate our research.[13]

The rest of the thesis is organized as follows:

• Chapter 2 reviews Deep Learning for Image Processing and related works.

• Chapter 3 reviews feedforward sequential memory networks.

• Chapter 4 presents the Incorporated temporal action proposal generation design and

describes our

unified end-to-end approach to generate temporal action proposals.

•Chapter 5 demonstrates our success in applying our Incorporated model to temporal

action proposal tasks.

• Chapter 6 presents our concluding remarks.
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Chapter 2

Related Work

2.0.1 Deep Learning for Image Processing

Recently, large amounts of annotated image data collected from search engines have facilitated

the rise of powerful models that shine at image recognition tasks. The largest and extensive

of these being the ILSVRC image classification dataset also known as the ImageNet dataset

with over a million images and 1000 object categories.[1] All of the images in the ImageNet

dataset contain manually labeled ground truth labels. They can be further subdivided into 1.2

million training images, 50 thousand validation images and 100 thousand test images. One

of the tasks in the ImageNet Large Scale Visual Recognition Challenge is image classification

which tests the ability of an algorithm to recognize the objects in the image without localizing

them. The ImageNet dataset builders were able to generate a diverse set of images by using

multiple search engines and an expanded set of queries in multiple languages. To annotate

the image data, they employed Amazon Mechanical Turk (AMT) which is an online platform
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where a monetary reward is available for users that perform tasks. One of the more powerful

architectures that arose from the ImageNet image classification task are deep convolutional

networks such as VGG and ResNet.[14] [15] These models have shown success through the

leveraging of large amounts of image data, utilization of devices like skip connections as shown

in Fig. 2.4 and through the use of multiple convolutional and pooling layers.

This work has been further expanded by [3] through modifications to the standard VGG

architecture for video classification. This is a logical extension from the image classification task

as they both utilize RGB images as input. The main difference being that image classification

requires one input image for accurate classification while the other typically requires the

sampling of several RGB frames in order to accurately classify an entire video.

Optical flow can be defined as the pattern of motion of objects and edges based on relative

motion as perceived through the lens of an onlooker. Many different methods of estimating

optical flow using images exist and they are usually based on taking partial derivatives of

image signals. A commonly used approach is the Lucas-Kanada method which computes optical

flow for a local neighborhood of pixels in an image frame using the least squares method. To

compute the optical flow for all the points in the frame, the authors in [4] use a dense optical

flow algorithm using opencv-python to generate the optical flow frame. They then store the

precomputed flow fields in JPEG format while clipping displacement vectors greater than 20

pixels and commence training. The optical flow frame consists of a 2-channel array with optical

flow vectors (u, v). They contain information with respect to the direction and magnitude of

the optical flow. Fig 2.2 shows the optical flow computed using two image frames where the

5



Figure 2.1: Diverse sample of images from the ImageNet Dataset [1]
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Figure 2.2: Graphic of optical flow vectors overlaid on a greyscale image.[2]
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direction is depicted by the hue and the magnitude denoted the brightness.

2.0.2 Two-Stream Residual networks

The two-stream Residual network [4] has its basis in the two-stream hypothesis from neuro-

science. This theory postulates that there are two pathways in the human visual cortex. The

first being the ventral pathway which relate to visual identification of objects. The second being

the dorsal pathway which is receptive to object transformations.[15] Research further suggests

that the visual cortex is equipped with connections between the dorsal and the ventral stream

to share motion information to different visual regions. Skip-connections were introduced to

address the problem of accuracy saturation and degradation with increasing network depth. An

obvious benefit in adding skip-connections is enabling the direct signal propagation from the

first layer to the last layer of the network. In addition to this, gradients can also be propagated

to other layers of the network directly and skip middle weight layers which could lead gradient

vanishing.

The authors in [4] experiment with hierarchical learning of spacetime features by connecting

the appearance and motion channels through the use skip connections that are already present

in standard ResNet architectures. The skip connection is implanted from the second residual

at each spatial resolution of the motion stream to the spatial stream. This is done to ensure

that the network can learn spatio-temporal features at different scales. However they do not

implant skip connections from the spatial streams residual unit to the motion stream to ensure

that the network would not bias the loss towards appearance clues.

8



Figure 2.3: Figure 1. Visualization of dense optical flow using OpenCV.[3]
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Figure 2.4: Illustration of skip connection from the motion stream to the spatial stream.[4]

2.0.3 Deep Learning Models

Machine Learning is the study of techniques based on mathematical models then can be used

for analyzing data or making decisions. It falls in the greater umbrella of artificial intelligence

design. These machine learning techniques can be used to construct a model that is capable

of generalizing patterns from a given data set. A popular subset of machine learning tools is

deep learning. Deep learning techniques in recent years have been steadily rising in popularity

and is the prominent approach in the development of intelligent systems. They signify the

development of complex neural network structures that mimic the connections in human brains.

This artificial neural network consists of many neurons which are represented by mathematical

functions that are interconnected with each other.

The deep network architecture has the capability to build hierarchical representations with

non-linear transformations to form complex structures. This mechanism has parallels to the

manner in which humans process information. The following is an overview of some of the

10



most commonly used artificial neural network models.

2.0.4 FeedForward Neural Network

Figure 2.5: A multilayered Feedforward Neural Network.

Feedforward neural network (FNN) is an artificial neural network that is composed of

sequential layers containing multiple nodes. Each layer is fashioned in such a way that they are
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fully connected to subsequent layers. In FNNs, there is no cyclic connections between nodes

and the information flows in the forward direction from the input layer to the output later and

does not flow backwards. The following describe computations that are done by FNNs:

•Let xn denote the value of n-th user input.

•Let yn denote the value of n-th output.

•Let l i
n denote the value of n-th node in i-th layer.

•Let wi
n,m denote the weight of the connection from m-th node in (i-1)-th layer to n-th node

in i-th layer.

•Let σ denote the activation function.

•Let bi denote the bias.

The value of each node at the input layer of an FNN can be represented using the following

equation.

ln = xn

The output at each node in the i-th hidden layer can be determined using the equations

shown below.

ai
n =

∑

m

wi
n,m · l

i−1
m + bi−1

l i
n = σ(a

i
n)

At the output layer, the value of each output node can be computed using the following

12



equation.

yn = lo
n =

∑

m

wo−1
n,m · l

o−1
m

If the last layer is the softmax layer which is usually true for classification tasks, the output

values are computed as shown below.

So f tmax(yn) =
ex p(yn)

∑

m ex p(ym)

In the process of training a feedforward neural network, the weights in its hidden layer are

adjusted using back-propagation. The results of fine tuning the weights can be expressed using

the following notation.

•Let y be the output of the network at the current state.

•Let γ be the target output of the network.

•Let E(y,γ) denote the loss function, which measures the distance between the expected

output and the predicted output.

•Let α denote the learning rate parameter.

The weights are updated after each iteration. The results of updating the hidden layer

weights can be calculated by the following equations.

∂ E
∂ wi

n,m

=
∂ E
∂ σ

∂ σ

∂ ai
n

∂ ai
n

∂ wi
n,m

=
∂ E
∂ σ

∂ σ

∂ ai
n

l i−1
m

wi
n,m := wi

n,m −α
∂ E
∂ wi

n,m
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2.0.5 Recurrent Neural Networks

Figure 2.6: Recurrent Neural Network.

Recurrent Neural Networks (RNNs) are a type of neural network that is designed to capture

long-term dependency given some sequential data. Rather than computing complicated trans-

formations on the sequential data, RNNs store long term information in the network weights.

This gives RNNs the capability to map a variable length sequence to another as opposed to only

allowing fixed sized input to outputs as in the case of FNNs.

It does this by introducing a recurrent connection to the architecture. The recurrent con-

nection allows the network to access previous hidden layer information. This enables past

information computed by the neural network to persist and can be used with current inputs. We

can view recurrent neural networks as a chain-like structure by unfolding the RNN. An example

14



is shown in Fig. 2.6 where the output of the hidden layer in the previous time step affects the

hidden layer output at the current time step.

Unlike feedforward networks, RNNs learn through a process known as back-propagation

through time (BPTT). So all of the weights are updated by first unfolding the network through

time and then computing back-propagation similar to a feedforward neural network.

An RNN’s hidden layer can be computed using the following equation:

L t
i = σ(V

i L̇ i
t−1 +W i L̇ i−1

t + bi−1)

where

•L i
t represents the values of all nodes in the i-th layer at the t time step

•W i represents the weights of the forward connection from the (i-1)-th layer to the i-th

layer

•V i represents the weights of the recurrent connection from the i-th layer at the previous

time step to the i-th layer at the current time step

•σ denotes the activation function

•bi denotes the bias.

An unfolded RNN [11], is an RNN which is unfolded in time for a fixed number of time steps.

The unfolded RNN has similar training time as the FNNs while achieving better performance

than FNNs. However, the contextual information learned by the unfolded RNNs is still restricted

due to the limited number of unfolding steps in time.

15



2.0.6 LSTM

As mentioned earlier, RNNs learn through BPTT which increases the computational complexity

and adds a host of new problems. The common problems associated with BPTT learning include

gradient vanishing and exploding. In an attempt to address these problems, new architectures

have been introduced with the most popular being the Long term short memory (LSTM) model.

While RNNs are capable capturing dependencies, this ability is more or less limited to the short

term as the current sample would have to rely on context from samples in the not-so-distant

past. It becomes difficult for RNNs to capture long term dependency as the further away the

current input becomes from a past sample since it is less likely that the information will be

preserved in the network.

Figure 2.7: Long-Short Term Memory Neural Network. [5]

LSTMs improve on the RNN architecture through the introduction of learnable gates to

implement recurrent feedbacks. This enhancement effectively allows gradient flow back to

the past. These learnable gates control the flow of information and allow for the cell state

16



to be updated. This gives LSTM cells increased flexibility in deciding how prior and current

information changes the cell state. Therefore information can persist for a long period as the

network make selective choices on what to remember and what to forget.

In LSTM, the information flows are controlled by the gate mechanism and the cell state.

This enables LSTM to freely add or remove information from the cell state; simply put, the

LSTM has the ability to selectively remember or forget any information [12, 13]. This allows

the important information to be preserved within the network for a long period; conversely, the

information that deemed unnecessary could also be quickly forgotten.

In an LSTM cell, the state (Ct ) is dependent on:

•The previous cell state (Ct−1 ), which represents the information carried on from the

previous time step.

•The previous hidden state (ht−1 ), which represents the output of the previous LSTM cell.

•The current input (x t ), which represents information given at the t time step.

LSTMs make use of gate mechanisms to allow for better control of information within the

LSTM’s cell. There are three main gates in a LSTM cell and they are composed of the forget

gate, the input gate, and the output gate.

The Forget Gate, which is responsible for dropping information that has lost its relevancy

from the cell state [13]. The output of this gate is computed as follows [12]:

ft = σ(Wf · [ht−1, x t] + b f )

where

17



Figure 2.8: LSTM Cell.[5]

•ht−1 denotes an input; it is provided by the output of the previous cell at time step

t − 1.

• x t denotes the input at current time step t.

•Wf represents the weight matrix.

•b f represents the bias.

•σ denotes the activation function which in a standard LSTM would be the Sigmoid

function.

18



• ft is the output of the gate which ranges from 0 to 1. ft = 0 results in the

complete disregard of current input information and ft = 1 results in the complete

conservation of current input information.

The Input Gate, which is used to allow new information from the input to change the cell

state [13]. The output of the gate can be computed as follows [12]:

it = σ(Wi · [ht−1, x t] + bi)

Ĉt = tanh(WC · [ht−1, x t] + bC)

where

•ht−1 denotes an input; it is provided by the output of the previous cell at time step

t − 1.

•x t denotes the input at current time step t.

•Wi and WC represents the weight matrices.

•bi and bC represents the biases.

•σ denotes the activation function which in a standard LSTM would be the Sigmoid

function.

•tanh denotes the tanh function.

•it * Ĉt is the output of the input gate.

The Output Gate ultimately decides what is the assigned output of the LSTM cell at time

19



step t. The output of this gate can be computed as follows [12]:

ht = σ(Wo · [ht−1, x t] + bo) ∗ tanh(Ct)

where

•ht−1 denotes an input; it is provided by the output of the previous cell at time step

t − 1.

•x t denotes the input at current time step t.

•Ct is an input to the gate and represents the current cell state.

•Wo represents the weight matrix.

•bo represents the biases.

•tanh denotes the tanh function.

•ht is the gate’s output and represents the current cell’s hidden state.

•σ denotes the activation function which in a standard LSTM would be the Sigmoid

function.

LSTMs have be shown to be an effective instrument in many application such as sequence

modeling, speech recognition and machine translation.[12]

2.0.7 Convolutional Neural Network

Convolutional Neural Network (CNN) is a neural learning architecture that is most notated

for its successful application in visual tasks such as image recognition, image classification

and object detection. A CNN architecture is composed of an input layer, convolutional layers,
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Figure 2.9: A Convolutional Neural Network. [6]

pooling layers, fully connected layers, and a final output layer. In addition to the mentioned

layers, CNNs can also include normalization layers for use in classification tasks. They main

characteristic in CNNs are the convolutional layers which are crucial for learning features from

images and pooling layers which enable the reduction of dimensions in these feature maps.

CNNs are insensitive to shifts in the raw data as well as distortions through the clever use of

local connection, weight sharing and pooling.

Convolutional layer: The main mechanism used in this layer is the convolution operation.

This involves multiplying a cross section of an image with a kernel. This kernel is essentially a

filter matrix and that would continually stride and multiply with other sections of the image

right until the end. While this convolution operation occurs, features are collected to form a

feature map which then goes through a non-linear activation function.

Pooling layer: As mentioned earlier, when we have a large number of parameters or the

input image is very large, we can reduce the number of parameters through a method called

pooling. This down-sampling process in CNNs can be achieved through different approaches.
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Figure 2.10: Convolution operation. [6]

Figure 2.11: 3x3 convolution with stride of 2.[7]

Some of these include max pooling, average pooling and sum pooling. Max pooling is the most

common as it has the added benefit of suppressing the noise. This can be achieved by simply

taking the maximum value from each partition as shown in Fig 2.12 of the input matrix.
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Figure 2.12: Max pooling. [8]

Figure 2.13: Average pooling.[8]

2.0.8 Temporal Action Proposals

Recently, deep learning models have performed exceptionally well in visual recognition tasks.

One of these tasks called temporal action proposals is crucial in advancing the area of video

comprehension. Temporal action proposal generation is a challenging task which aims to locate

temporal regions in real-world videos where an action or event may occur. Recently, there
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have been significant gains in performance through the adoption of deep learning models. The

primary approach consists of a two-stream network that exploits visual cues from RGB images

and horizontal and vertical motion cues that is obtained from stacked optical flow frames.[15]

In circumstances where large scale analysis of videos is required, the most interesting aspects

are found through localizing and identifying human actions that occur in short intervals within

long untrimmed videos.

Most models adopt a top-down approach where proposals of predefined duration are

generated. This approach suffers from a lack of boundary flexibility as the proposal boundaries

are not exceedingly accurate. Some methods alleviate these concerns by first determining

temporal boundaries with a high degree of precision and then generating proposals using this

information.[10]

In many large-scale video analysis scenarios, one is interested in localizing and recognizing

human activities occurring in short temporal intervals within long untrimmed videos. Current

approaches for temporal action proposals still struggle to handle large-scale video collections

and efficiently addressing this task remains elusive to our visual systems.[16] This is in part

due to the computational complexity of current action recognition approaches and the lack of

methods that propose fewer targeted intervals in the video, where activity processing can be

focused.
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2.1 Temporal Convolution Based Action Proposal

Until recently, Recurrent Neural Networks (RNN) have been the straightforward option for tack-

ling sequence modeling tasks given their capability to model temporal dependencies. However,

architectures that are based on Convolutional Neural Networks (CNN) have been steadily rising

in popularity for sequence modeling tasks. One model that is commonly used for the temporal

action proposal task is Temporal Convolutional Networks (TCN). [17] The main characteristic

of TCNs that make them well suited for sequence modeling is the fact that they can map a

sequence of arbitrary length to an output sequence of the same length.[17] They also make use

of casual convolutions which ensures that information from future to past does not leak into

the network. [9] In order to map sequences of varying lengths, TCNs use a 1D convolutional

network architecture where each layer starting from the input and hidden layers have the same

length which is achieved through zero padding. The use of casual convolutions also ensures

that an output at time step t is convolved with items from time step t and prior.

In additional to casual convolutions, TCNs also make use of dilated convolutions. Dilated

convolutions can be considered as convolutions using uniformly sparse filters. So a large dilated

convolution filter can have the same number of weights but have a larger receptive field than a

standard convolution filter. A dilated convolution with a factor of 1 is equivalent to the standard

convolution operation. Fig 2.14 displays how dilated casual convolutions are employed in a

network with two hidden layers.

The advantages of using TCNs include lower memory usage since they share filters across a

layer and the main factor in the back-propagation path is the number of layers in the network.
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Figure 2.14: Dilated causal convolution with dilation factors d = 1, 2, 4 and filter size of 3. [9]

The convolution operation using filters can also help capture contextual information within a

temporal window.

Temporal Convolution Based Action Proposal [18] is an approach that achieves state of the

art performance in the ActivityNet temporal action proposal task. The primary mechanism they

employ to obtain proposals are so called temporal anchors with 7 temporal feature maps with

length: 1, 2, 4, 8, 16, 32, 64. They use these multi-scale temporal feature maps in conjunction

with temporal convolutional layers to predict the overlap between video segments of varying

lengths and the ground-truth proposals.

2.2 Boundary Sensitive Network (BSN)

Boundary Sensitive Network (BSN) is a network designed for temporal action proposal gener-

ation with high recall. Their method focuses on generating proposals with precise temporal
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boundaries and high overlap with the ground-truth instances. They achieve this by adopting a

"local to global" approach.[10] They define the local task as determining temporal segments

that are highly likely to be an action boundary. These temporal boundaries are then used to

construct a narrow set of proposals. To construct a proposal, first spatio-temporal features

are obtained from a pre-trained two-stream network. These two-stream feature sequences are

used as the input of BSN. These features are evaluated for the starting, ending and actionness

probabilities of each temporal location using a multi-layer CNN. A proposal with a high starting

and ending boundary probability is constructed by sampling the actionness sequence by linear

interpolation with 16 points.[10] They also sample starting and ending regions of the actionness

sequence using linear interpolation with 8 points. An example of how a proposal is generated

is shown in Fig. 2.15.

Figure 2.15: Construction of a Boundary Sensitive Network proposal feature. [10]

The global task can now commence and is defined as the evaluation of the proposal features.

This is accomplished using a multi-layer perceptron model with one hidden layer. The hidden

layer contains 512 units with RELU activation. The output layer generates the final score which
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is used to determine which proposals are the most likely to contain an action and overlap with

the ground-truth.
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Chapter 3

Feedforward Sequential Memory

Networks (FSMN)

In a variety of tasks including language modeling and speech recognition, it is crucial to model

long term dependency. Recurrent neural networks (RNN) are popular given their ability to

capture long term dependency within the sequential data using recurrent feedback. RNNs

also have to capacity to learn mapping from one variable-length sequence to another. This

is an advantage they have over FNNs which can only learn to map a fixed-size input to a

fixed-size output. However, to capture the long term dependency in sequences, RNNs rely on

back-propagation through time. This considerably increases the computational complexity of

the learning due to the internal recurrent cycles. [11] Therefore it is desirable in some way

or another to use FNNs to learn the long-term dependency in sequences. One proposal that

attempts to just this is the unfolded RNN. [21] While this approach needs similar training time
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as standard FNNs with better performance, it still leaves much to be desired. The unfolded

RNN falls short due to its use of a limited number of unfolding steps in time. Furthermore, in

more complicated recurrent neural architectures such as LSTMs, an unfolded architecture is

much harder to formulate.

Recently, there have been several attempts to construct a neural model with varying types

of memory units. One of these neural models features a type of memory unit that can be read

or written. Another proposal called neural turing machines (NTM) connects the memory unit

with resources that enable it to solve tasks such as sorting sets of numbers and other symbolic

manipulation tasks. [22]

Feedforward sequential memory networks (FSMN) are a type memory neural network

capable of learning long term dependency without using recurrent feedback connections.[11]

While there are many well established approaches that can model the long-term structure

within the sequential data, they rely on recurrent feedbacks such as in regular recurrent neural

networks and LSTM networks. FSMNs capture long term dependency by extending the standard

feedforward neural networks by means of introducing memory blocks in the hidden layers.

FSMN implements recurrent feedbacks using learnable gates to ensure that the gradients can

adequately flow back to the past. The main benefit is managing to avoid training using BPTT

(Back-propagation through time) which increases the computational complexity and causes

problems such as gradient vanishing and exploding.[12]

Feedforward sequential memory network (FSMN) is a standard feedforward neural network

usually with a single memory block in the hidden layer. Given a sequence, X = {x1, x2, ..., xT},
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each x t ∈ RD×1 represents an input data at time instance t. The corresponding hidden layer

outputs are denoted as H = {h1, h2, ...,hT}. Through the use of memory blocks with a tapped-

delay line structure, we can encode the long context information into a fixed-size representation.

We can ht and its previous N histories in the memory block with the equation (1). A single

memory block can represent ht and its N previous histories into a fixed-size representation as

follows:

h̃t = f (
N
∑

i=0

ai · ht−i) (1)

where all coefficients form an N -dimension learnable vector a = {a0, a1, a2, ..., aN} and f (·)

represent the activation function which is usually sigmoid or RELU.

The output from the memory block can be fed into the next hidden layer and we compute

the activation of the units in the next hidden layer as follows:

hl+1
t = f (W lhl

t + W̃ l h̃
l

t + bl) (2)

At the beginning of every training instance, the memory is flushed. In our model, we include

two FSMN hidden layers with memory blocks as shown in Fig 2.1.

The aforementioned equations only store past information in the memory block and is thus

referred to as an unidirectional FSMN. This model can be extended to a bidirectional version

that has lookahead window into inputs in the future using equation (3).
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h̃t = f (
N1
∑

i=0

ai · ht−i) + f (
N2
∑

j=0

c j · ht+ j) (3)

where

• N1 is the length of the lookback window which represents the number of previous items from

the past to factor in.

• N2 is the length of the lookahead window which represents the number of upcoming items

from future time steps to factor in.

• c denotes the lookahead coefficient from a set of N2 different vector coefficients.
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Figure 3.1: Feedforward Sequential Memory neural network [11]

33



3.0.1 Compact Feedforward Sequential Memory Network (cFSMN) Struc-

ture

Recently, a modification to the standard FSMN architecture has been introduced called compact

feedforward sequential memory networks (cFMNs). A cFSMN is similar to FSMN in that it

is essentially an FNN equipped with memory blocks. The main difference is the introduction

of special linear projection layers called cFSMN-layers. In addition to the linear projection

layer and memory block, the cFSMN-layer also comprises of a weight connection between the

memory block and the next hidden layer in the network. There is no weight connection from the

linear projection layer to the next hidden layer as a measure to simplify the FSMN architecture.

These modifications can be represented using the following memory block encoding equations

for unidirectional and bidirectional cFSMN.

pt = Vht + b (4)

p̃t = pt +
N1
∑

i=0

ai · pt−i (5)

p̃t = pt +
N1
∑

i=0

ai · pt−i +
N2
∑

j=0

c j · pt+ j (6)

where pt = Vht + b is the output of the linear projection layer. In the above equations, we

use pt to represent all the memory block computations at time instance t. We use the output of

the memory block to calculate the activation of the units in the next hidden layer.

Similar to FSMNs, compact feedforward sequential memory network are able to capture
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long-term information and can also be trained using standard back-propagation which is faster

and less susceptible to problem such as gradient vanishing.
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3.0.2 Feedforward Sequential Memory Networks (FSMN)

Implementation

The recurrent neural network layer can be viewed as a first-order infinite impulse response

(IIR) filter. While the memory blocks in FSMNs can be viewed as an N-th order finite impulse

response (FIR) filter. It should be noted that IIR filter like recurrent neural networks are more

difficult to train since they learn through back-propagation through time and that first-order

IIR filter can be approximated by a high-order FIR filter. The FIR-like memory blocks in FSMNs

is used to encode long context information into a fixed-size representation, which helps the

model to capture long-term dependency as an alternative to RNNs.

Figure 3.2: Recurrent layer as IIR filter. [12]

FSMNs can be constructed by taking a standard feedforward network and augmenting

memory blocks that follow a tapped-delay line structure as in FIR filters. These memory blocks

are connected to hidden layers in the FNN.

FSMNs use learnable coefficients to encode the past context within a pre-defined window

into a fixed-size representation. The final representation is a weighted sum of the hidden
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Figure 3.3: Illustration of a feedforward sequential memory network (FSMN) and its tapped-
delay memory block. (Each z−1 block stands for a delay or memory unit) [12]

activations of all previous N time instances shown in Fig 3.3 as a tapped-delay structure.

A forward pass of an FSMN can be computed using sequence by sequence matrix multiplica-

tions. Using only one matrix multiplication, we can compute the sequential memory operations

in for the whole sequence as follows.

H̃= H ·M (8)

where H is a matrix composed of all hidden activations for the whole sequence and H̃ is the

memory block outputs for the whole sequence. Given a batch consisting of K sequences, i.e.,

L =
�

X1 · · · XK

	

. We compute the memory outputs for all K sequences in the mini-batch as

follows:
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H̃= [H1, H2 · · ·HK]
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where each Mk can be constructed for a N-th order scalar FSMN using N + 1 coefficients as

such:
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Chapter 4

Incorporated Temporal Action Proposal

Generation

While top-down approaches produce satisfactory results, the lack of parallelism and inefficient

evaluation modules result in models that are cumbersome. In practice, there are large amounts

of prerecorded untrimmed video that needs to be analyzed efficiently to localize key actions.

Thus, we have come up with a better approach that reduces latency by adding parallelism in

the proposal generation process and adopting units that more efficient and are better suited

to model sequential data. We call our approach the “Incorporated temporal action proposal

generator network” and provide the details of the model below.

The main idea of Incorporated Proposal Generation is to concurrently compute temporal

boundary probabilities and generate confidence scores of varying starting and ending windows.

In doing so, we develop a method to efficiently capture sequential data and generate confidence
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scores for a large number of candidate proposals. Our design consists of end-to-end temporal

proposal generation where temporal boundary probability and proposal confidence scores are

generated in two separate branches of our Incorporated model. We then train the modules

jointly in the form of a multitask loss function.

Our training objective consists of temporal boundary classification loss and proposal evalua-

tion classification loss. The advantage of this method is that we can generate proposal scores of

multiple candidate proposals as opposed to evaluating them individually as executed by other

state of the art methods.

A detailed view of our improved design is shown in Fig. 4.1. We show in our experiments

that jointly training both modules leads to improved proposal generation speed and performance

gain. Alternate approaches are based on cost volume by combining two feature maps, using

feature concatenation. Thus, generated proposals are made up of concatenated temporal

starting and ending boundary features.[10]

4.1 Model Overview

4.1.1 Boundary Predictions

In Fig. 4.1, this module is highlighted in red and represents the classification of individual

visual segments. These segments are evaluated using a Convolutional Neural Network and two

boundary classification scores are computed. The first being the starting boundary probability

score which indicates how likely this segment is the beginning of an action sequence. The
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Figure 4.1: Incorporated Temporal Action Proposal Generation model overview
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second score computed is the ending boundary probability score. This evaluation is crucial as it

allows for increased precision when constructing proposals through better boundary selection.

4.1.2 Proposal Level Features

In Fig. 4.1, this module is highlighted in blue and represents the encoding of a visual sequence

into a fixed-sized representation using Feedforward sequential memory networks (FSMN). We

feed our FSMN a sequence of visual features representing a window within the video clip. The

first input to the FSMN denotes the start of the window and proposal features are generated at

each iteration subsequently. The output of the FSMN yields proposal level features for temporal

windows based on the input visual feature sequence. The process is run recursively for different

starting boundaries in order to generate proposal features for wide range of candidate proposals.

The proposal features are further evaluated using a multilayered CNN to produce a classification

score indicating the likelihood of an action within the visual sequence they represent. Since

there could be many proposals that are likely to contain an action, we refine our candidate

proposal set using our boundary predictions which we elaborate in later sections.

4.1.3 Merging and trimming

This part of our Incorporated model consists of score fusion and removal of redundant proposals.

We utilize this section to generate our final set of proposals. As displayed in Fig. 4.1, we merge

the scores from our boundary predictions module with the results of the proposal feature

evaluation. This process is necessary to reduce the number of proposals and to preserve the
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candidate proposals that are more likely to be similar to ground-truth instances. Furthermore,

this step is important since we have evaluated a lot of proposal features generated using

FSMN. We discard proposals that represent huge chunks of visual sequences that are devoid of

any interesting actions. Lastly we recognize that we could have multiple proposals that have

overlapping windows that represent similar sequence of frames. This is dealt by removing

highly redundant proposals. The first step is to determine how significant is the overlap. If the

length of overlap of two proposals is substantial, we decay the scores of the proposal with the

lower score. After discarding proposals with scores below the threshold value, we retain our

final set of proposals.

4.1.4 Intuition behind Incorporated Temporal Action Proposal Genera-

tion

The concept behind this model is to connect the rigorous examination of small temporal segments

with longer representations contained in proposal features. This grants us the ability to cut

down on indispensable memory and time needed to finish training our model.

A key design aspect is to speed up the training process by jointly training boundary probabil-

ities and proposal level features. One of the goals of our design is to capitalize on the abundant

ground truth labels that not only provide information on the locations of actions themselves but

also the setup to actions. We make the most of this data by utilizing two modules to generate

temporal action proposals.

Proposal features offer us insight as to whether an action occurs within a temporal window
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but will not reliably give us enough precision that is necessary to obtain a competitive score. We

require instruments to further refine and assist in improving the quality of our proposals. This

is possible thorough an evaluation module that encapsulates the analysis of potential action

boundaries. Thus, we form a secondary module called temporal boundary evaluation. This

module will compute the probability of a single image segment being the start of an action

sequence or the end of an action sequence.

The added benefit of jointly training the modules is the increased parallelism that can be

utilized. This architecture leads to further training to the minimum. Previous approaches that

rely on a bottom-down approach have to exhaustively classify individual image segments first

before they can begin to construct proposals. Our Incorporated temporal action proposal gener-

ator finely combs through individual segments from a video while simultaneously generating

high level features for the candidate proposals. We validate this approach is more optimal than

using back-propagation through time for training. In the final step of the process to generate

proposals, we begin unification by prudently merging the scores generated by the modules.

4.1.5 Visual Feature Encoding

To generate quality temporal action proposals, we require highly relevant input visual sequence

features for our model to process. We opt to use features generated from a pre-trained two-

stream ResNet model. We gather the output scores from the last fully-connected layer of the

two-stream network and concatenate them to obtain visual features for each frame. The output

features contain visual clues from RGB frames that provide various spatial information. They
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Figure 4.2: Example showing starting boundary probabilities computed for each temporal
segment.

also contain temporal clues from optical flow frames that allow insight about motion between

pairs of frames. To generate an adequate number the input features for our Incorporated

model, we extract these features in a regular time interval σ, such that f eature leng th =

video leng th / σ. We set the interval to 16 for our experiments.

Separating the spatial net and the temporal net also allows us to take advantage of the large

ImageNet challenge dataset[15]. The spatial network is pre-trained on available annotated

image data and exploits the deep ConvNet image classification architecture . The pre-trained

spatial stream can help provide information from individual frames about objects and scenes

which is beneficial in determining temporal action boundaries. Since certain actions are highly

correlated with specific objects, the spatial recognition of these objects will aid in procuring

accurate temporal action proposals.

The temporal ConvNet on the other hand takes in stacked optical flow displacement fields
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computed from pairs of video frames. The displacement fields can be further broken down into

horizontal and vertical vector fields, d x
t and d y

t . They are stacked together to form separate

input channels.

The motion stream allow us to differentiate groups of frames that are visually similar through

the exploitation of optical flow. These sets of displacement fields can allow us to determine

various actions that occur in the video that is not easily established by solely looking at static

RGB frames. Furthermore, our experiments reveal that motion stream ConvNet performs

even better in action recognition tasks compared to spatial ConvNets, thus highlighting their

importance in video classification related tasks.

When comparing the features from temporal ConvNet, it is important to note that certain

hand-crafted features such as motion boundary histograms (MBH) and histogram of optical flow

(HOF) can themselves be generalized from optical flow and its gradients using convolutional

filters and pooling layers. [15]. There is also a proven history of success demonstrated with

the use of two-stream architecture in video action classification tasks. In the UCF101 task, the

ResNet based deep two-stream model achieves a performance of 94%.

Let f eature(t i) represent the spatio-temporal input at time instance t i,

f eature(t i) = Concat(SpatialNet(t i), TemporalNet(t i))

46



Figure 4.3: Concatenated RGB and Optical Flow features.

4.1.6 Linear projection

State of the art proposal generation models like BSN incorporate multiple wide convolutional

layers in their design to capture global video level features with a large degree of temporal

context.

When training a large neural network with many hidden units, it can be very slow to learn

the large number of parameters in the weight matrix between the input and hidden layers.

Assuming hidden layers of H dimensions and input of D dimensions, the ensuing weight matrix

between the input and hidden layer will be of size O(DH). Due to the number of parameters

and costly matrix multiplications, the rate of convergence of gradient descent during training is

time-consuming.

To alleviate this problem, we introduce a linear layer with m linear units between the input
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and hidden layer to boost training speed.[19]We thus represent the weight matrix W as the

product of two matrices, U ∈ RD×m and V ∈ Rm×H , where m< H. Using back-propagation, we

can learn these weights using much less memory. Since we reduce the total number of learnable

parameters, the weight matrix between the hidden layers is now of size O(m(D + H)) from

O(DH).

4.1.7 Depth channel reduction

When evaluating proposal features and boundary probabilities, experiments show that 5× 5

and 3× 3 convolutions on visual features are immensely valuable. However, the computational

demand required to perform them makes it very difficult when memory is limited. We deal with

this obstacle by addressing the sizable filter space dimensionality. The authors in [14] remarked

on the success of low dimensional embeddings and their ability to contain information about

a relatively large image patch. We acknowledge these sentiments and implement bottleneck

units in-between our network structure. These units are composed of two 1× 1 convolution

layers with 5× 5 or 3× 3 convolution layers in between. The first 1× 1 convolution layer is

used to reduce the number of input feature maps while the latter is used to revamp the number

of output feature maps.

4.1.8 Sequential Modelling

For any given pair of starting and ending indexes up to the max duration index, we obtain

features that represent the sequence of visual data contained within that temporal window.
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Figure 4.4: Feature map reduction using 1× 1 convolution

These temporal windows can be thought of as proposal candidates. To obtain features for

candidate proposals at varying starting indexes, we apply a mask to input features in the

temporal dimension. This would then allow us to model the sequential data for various starting

and ending indexes using our Feedforward Sequential Memory network.

Given a collection of visual features, every possible candidate proposal in a video up to a

maximum duration length is evaluated and given a confidence score.

Visual features are fed into an FSMN sequentially from the initial starting boundary and the

output of the network at each iteration is used as proposal level features for a specific temporal

window. The process is then repeated recursively for all the possible starting boundary locations.

Each time a new initial staring boundary is fed in the FSMN, all alpha parameters are zeroed

out and all memory units are flushed out.
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Harking back to the convolution optimizations described earlier, we employ multiple bot-

tlenecked convolutions. Beginning with a 5× 5 convolutional layer, followed up with a 3× 3

convolutional layer. In our models, we experimented with multiple convolutional layers with

performance gains as the depth increases. However, while increasing the network depth, the

training duration increases as well. As does the total number of trainable parameters but the

boosts in performance drastically diminish. In our model, we opt to only have three bottlenecked

convolutional layers to achieve top performance while keeping memory usage low. The final

convolutional layer outputs the candidate proposal confidence scores.

These confidence scores are computed and stored in a matrix. Each point in this matrix

represents all the different starting and ending points that are possible in a video. The columns

of the matrix represent various proposal starting boundaries and the rows represent the duration

length of the proposal. These confidence scores are trained using classification loss with a

proposal being positive when they overlap the ground truth with a threshold of 0.7.

4.1.9 Computing scores

We jointly train the boundary prediction and proposals scores using the following multitask

loss function LTOTAL = Lstar t + Lend + L f smn where Lstar t is the starting boundary loss, Lend is the

starting boundary loss and L f smn is the proposal feature loss. LTOTAL represents the total loss as

the sum of the classification losses from the separate modules.
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Figure 4.5: Example of how FSMN is used for proposal feature generation.

4.1.10 Collecting high likelihood boundaries

During the inference stage, we obtain results regarding the starting and ending boundary

likelihood at each time instance t from the first segment of a video up to its maximum duration.

To truncate the total set of candidate proposals, we assess the boundary probabilities at each

location and locate positions where the probability is high, starting with Star tBoundaries.

Likewise, we do the same for all ending boundary probabilities in EndBoundaries that are

high. In doing so, we collect a more concrete set of candidate proposals. We start by first

pairing starting locations from the set Star tBoundaries with ending locations from the set

EndBoundaries while ensuring that that the latter represents an ensuing time instance after
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tstar t . We define a proposal with a starting and ending boundary at as follows.

CandidateProposali =
�

tstar t , tend , Pstar t , Pend

	

,

where Pstar t represents the starting boundary probability at time instance tstar t and Pend repre-

sents the ending probability of an action at time instance tend respectively. Now that we have

manageable set of candidate proposals, we initiate a comprehensive review using our proposal

feature evaluation.

4.1.11 Merging scores

To better evaluate the quality of our proposals, we need to fuse our temporal boundary proba-

bilities with the scores from our proposal feature evaluation model. We can merge the scores of

any given candidate proposal by multiplying their starting and ending probabilities with the

feature evaluation score. Thus, we define this merged score as the likelihood that an action is

contained within a temporal window defined by a clear starting and ending boundary.

FusedScore = Probabil i t yStar t ing ∗ Probabil i t yEnding ∗ Conf idenceScore

4.1.12 Removing redundant proposals

To further narrow our set of candidate proposals, we rid of redundant proposals. Doing so will

enable us to achieve better recall scores with fewer and more accurate proposal candidates.
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Figure 4.6: Intersection highlighted in blue for two overlapping proposals

One way to achieve this is to look at proposals with a high degree of temporal overlap.

First we sort all the proposals by their evaluated scores. Then we apply an exponential decay

algorithm to suppresses redundant proposals.[10] The scores of highly overlapped proposals

are then decayed. This step is recursively applied to the remaining proposals to generate a

truncated set wherein no Intersection over Union (IoU) between two proposals is greater than a

fixed parameter value of 0.5. We obtain the final confidence scores by multiplying the original

evaluated scores with the suppressed score. Any candidate proposals with a final score below

the threshold value of 0.7 are removed from the final set of proposals.
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Given two overlapping proposals, where Conf idenceSore(p1) > Conf idenceScore(p2)

and

IoU is defined as:

IoU =
Leng tho f Overlap
Leng tho f Union

We can generate our final confidence scores using the following algorithm.

ProposalSupressed = e−2.5∗IoU(p1,p2)

Proposal f inal = Conf idenceScore ∗ ProposalSupressed
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Chapter 5

Incorporated Proposal Generation for

Temporal Action Proposals

5.1 Improving Efficiency and Dimensionality Reduction

In this section, we evaluate the effectiveness of our proposed methods on several existing

state of the art methods. When comparing our method with existing approaches, we not only

measure performance but also analyze the total number of learnable parameters. We use

the same hardware for all our experiments including the utilization of two Nvidia GPUs. To

analyze the efficacy of our sequence modelling methods, we compare it with a two-layer LTSM

architecture. We also analyze the effects of bottlenecks in our architecture and report the

difference in performance.
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5.2 Experiments

5.2.1 ActivityNet-1.3 Dataset

ActivityNet-1.3 dataset contains temporally annotated untrimmed videos with 200 action

categories.[16] The categories of the actions are diverse and many include different activities.

They include sporting activities and everyday tasks such as drinking coffee, shoveling snow

etc. There are relatively few categories that contain videos where numerous individuals occupy

the scene. The ActivityNet dataset hardly contains any obscure action categories, with most of

them easily relatable.

A majority of videos have a duration between 5 and 10 minutes and about 50% of the videos

are in HD resolution.[16] It differs from other video related datasets primarily with its large

number of action categories while also being completely untrimmed as most of the videos are

scrubbed from an online source. Factors such as camera motion and video quality play a role

in how difficult it is to discern the actions within videos. Since the dataset contains human

annotations and does not utilize fully automatic annotation algorithms, the labels are likely to

be sound.

5.2.2 Training

The ActivityNet 1.3 dataset contains 9532 training samples and 4728 validation samples. [16]

We use the subset of training videos and use the ResNet101 features and optical flow features

as input to our model. We train our model for a total of 9 epochs and validate our model after
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each epoch. Since our model has fewer learnable parameters and uses less memory, we take

take advantage of this by increasing our batch size to 64. We run our model using two Nvidia

GPUs and divide the batch between the two devices. The initial learning rate is set to 5.0e-3

with the weight decay is set to 1e−4. We optimize our objective function using gradient descent

to train our model. We set our step decay scheduler for learning rate annealing every 6 epochs.

Once the training is finished, we evaluate the proposals that our model generates by computing

average recall using multiple IoU thresholds. As shown in Fig. 5.1, the IoU thresholds used for

evaluating our proposals are [0.5 : 0.05 : 0.95]. Following the aforementioned computations,

we generate our final score using the evaluation metric, Area under the (AR vs. AN) Curve

(AUC). We do this by first calculating average recall (AR) multiple times using different average

number of proposals (AN) and then calculate the area under the (AR vs. AN) curve. A proposal

is a true positive if it has a temporal intersection over union (tIoU) with a ground-truth segment

that is greater than or equal to a given threshold of 0.7. Fig. 5.1 shows the average recall scores

computed using varying average number of proposals.

5.2.3 Label

For training temporal boundary probabilities, we need two temporal boundary label sequences

labelstar t and labelend . These are generated from ground truth proposals where each instance

is represented as (tstar t ,tend). We have separate label sequences to classify individual segments

as a starting boundary for an action or an ending boundary for an action. The starting boundary
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and ending boundary label label sequence can be denoted as:

labelstar t,end = {tstar t,i, tend,i}Ni=0

For evaluation of candidate proposal features, we use a different set of labels from which we

generate a label map. The ActivityNet dataset contains ground-truth information pertaining to

different proposal instances. They are each denoted by a starting and ending location. Since we

could have multiple ground-truth instances for a single video that represent actions at different

locations. We compute a label map that allows us to access similarity scores for any given

candidate proposal.

This label map contains the maximum Intersection over Union (IoU) score computed using

ground truth instances and all possible candidate proposals. Given a proposal Pm,n where m

and n represent the start and end time respectively. We calculate the Intersection over Union

(IoU) between the proposal and all ground-truth instances for that video:

IoU(Gi, P[m, n])

where

•IoU measures the similarity between the ground-truth instance and the proposal and is

defined as the ratio of the overlapping area of ground truth and predicted area to the

total area.

•Gi represents the i-th ground truth instance for the video.
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We do this all possible proposals boundaries and fill our label map with maximum computed

IoU to be used for training our proposal features.

5.2.4 Results

We train on the ActivityNet 1.3 dataset which is divided into three parts: the training set, the

test set and the validation set. The dataset consists of more than 648 hours of untrimmed videos

from a total of 20K videos and contains 200 different activity classes. [16] Using pre-computed

visual input data, we have RBG and optical flow spatio-temporal features have 400 dimensions

combined. These input features are trained with several architectures which differ in the

sequential modelling approach and the hidden layer depth of the Incorporated model. We

experimented with including more hidden convolutional layers at the expense of lowering

the dimension of the layer. We present our best results using our model and with traditional

architectures and compare our scores with the top models in the Activity 1.3 challenge.
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Model AUC (val)

CTAP[20] 64.40

Temporal convolution based
action proposal[21]

65.72

BSN[10] 67.10

Incorporated Model with
LSTM [1*400]-1024 (no
bottlenecks)

67.13

Incorporated Model with
FSMN [1*400]-1024-1024
(no bottlenecks, 7 Conv
layers)

67.29

Incorporated Model with
FSMN [1*400]-1024-1024

66.90

Table 5.1: Comparison of AUC scores between our methods and other state of the art models
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Figure 5.1: Area under the average recall vs average number of proposals per video curves.
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5.2.5 Ablation Comparison

To further evaluate the effectiveness of our design, we conduct an ablation study comparing

our approach with a more traditional method for generating temporal action proposals. We

carry out this test with two models with similar architecture for obtaining temporal boundary

probabilities and constructing proposals. We can then compare the consequence of training

temporal boundary probabilities and proposal feature evaluation modules jointly and training

them separately using this baseline architecture.

Model AUC (val)
Jointly trained temporal boundary and proposal feature evaluation 66.9%

Separately trained temporal boundary and proposal feature evaluation 64.7%

Table 5.2: Comparison in terms of Area under the average recall vs average number of proposals
per video.

We find that the jointly trained configuration results in significantly better evaluation

of proposal features. This is manifested in the improvement in AUC of the validation set

performance in our experiments. The results are shown in Table 5.2. This is evidence that

jointly training the modules generates confidence scores that result in higher quality proposals.

5.2.6 Efficiency Analysis

We demonstrate in our ablation comparison that our jointly trained model achieves better

performance. We also highlight that our model is the more efficient approach in terms of training

and inference speed. The separately trained model requires temporal boundary probabilities to
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be computed first. Then proposals can be constructed and evaluated. This approach requires

no score fusion as proposals are constructed slowly using a bottom-up fashion.

Using the jointly trained approach, computing temporal boundary probabilities along with

proposal construction are done simultaneously. Score fusion is used to obtain more reliable

confidence scores. It is accomplished by a simple multiplication operation. Therefore it is much

quicker than generating proposals one-by-one by searching for temporal locations with high

boundary probabilities.

Model Number of trainable parameters
Incorporated Model with LSTM [1*400]-1024 11.7M

Incorporated Model with FSMN [1*400]-1024-1024 4.6M

Table 5.3: Difference in the number of trainable parameters using LSTM and FSMN.

We also compare the number of trainable parameters used for generating proposal level

features. As shown in Table 5.3, the FSMN based model uses fewer number of trainable

parameters when compared with a LSTM model that is similar in performance. We find that the

use of FSMN for modeling the visual features leads to reduced network end-to-end inference

time. The end result of this approach is a model that can generate confidence scores for a large

number of proposals in an efficient manner.
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5.2.7 Proposal Evaluation Inference Speed

We exhaustively compare the efficiency of Incorporated Temporal Action Proposal Generator

with other models by including measurements capturing the inference speed in evaluating

temporal action proposals. We detail the time required for each model to construct and evaluate

proposals for a fixed number of input videos. Since we have a large selection of videos with

varying durations, we measure the inference speed for 100 batches. We compare our model to

the state-of-the-art BSN model and report the proposal evaluation inference time in milliseconds.

We run our experiments using a single Nvidia TITAN X and the results are presented in Table 5.4.

Model Inference time (ms)
Boundary-Sensitive Network (BSN) 87.78

Incorporated Model 45.40

Table 5.4: Average Proposal Evaluation Inference time for 100 batches measured in milliseconds.

Based on these measurements, it is clear that the Incorporated Proposal Generator is able to

evaluate confidence scores for a large selection of proposals rapidly. On the other hand, the

measured inference time for the BSN model is noticeably longer to evaluate and generate scores

for multiple proposals. This is further evidence that the evaluation process in BSN is tedious as

confidence scores are generated by accessing each carefully crafted proposal individually. This

confirms that the Incorporated Proposal Generator is much more adept at evaluating numerous

proposals at once.
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5.3 Action Classification

We also test the capability of Feedforward Sequential Memory neural Networks (FSMN) to

capture sequential visual information by experimenting on the action classification task. UCF101

is a video dataset that contains finely trimmed human actions. The average length of a clip

in the dataset is only 7 seconds. Since there are only 101 action categories which can be

easily discriminated, action classification is more feasible here than in larger datasets such as

ActivityNet. There are 101 action classes which are divided into five types: Human-Object

Interaction, Body-Motion Only, Human-Human Interaction, Playing Musical Instruments, and

Sports.[13] We train a two layer Feedforward Sequential Memory neural network (FSMN) with

cross-entropy to learn to classify the actions. We sample 5 evenly distributed frames and perform

random flipping and cropping. Then we use a ResNet101 model pretrained on ImageNet dataset

to obtain visual features. We also obtain 5 optical flow frames sampled evenly using two

concurrent frames to compute the horizontal and vertical flows. We compare FSMN based

sequential modelling method with a similar model that uses LSTMs for sequential modelling

instead. We set our initial learning parameter to 0.01 and commence training. We drop the

learning by 0.1 every 10 epochs and run for total of 270K iterations. Since the ResNet101

model was pre-trainned for ImageNet classification task, we remove the last fully-connected

layer and attach our FSMN layers at the end of the ResNet model. To achieve a competitive

score to SOTA methods in UCF101, it requires training visual features from scratch using a deep

convolutional network. We do not train the convolutional layers of the ResNet101 model. We

report our results for the action classification task in Table 5.4.
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Model Top-1 Accuracy
ResNet10 with LSTM [1*400]-1024 82.1%

ResNet101 with FSMN [1*400]-1024-1024 84.3%

Table 5.5: Top1 accuracy for UCF101 Action Classification task.
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Chapter 6

Conclusion

6.1 Conclusion

FSMNs have demonstrated success in a variety of different tasks such as speech recognition

and language modeling. However, it has not been considered for sequential modeling of

spatio-temporal features. In this thesis, we propose a novel unified approach by using Feed-

forward Sequential Memory Networks (FSMNs) for the temporal action proposal task. This is

accomplished through the Incorporated temporal action proposal generation model that jointly

computes boundary probabilities for temporal segments while evaluating proposal confidence

scores. The utilization of FSMNs for sequential modeling enables the quick and efficient process-

ing of spatio-temporal features. To demonstrate the effectiveness of FSMNs, we also apply it to

the UCF101 video action classification task. The results for this classification task demonstrate

a 2% increase in performance over standard sequential modeling approaches such as Long-term
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Short Memory networks (LSTMs). Likewise, our experiments on the temporal action proposal

task verify that the FSMN based Incorporated model performs better than LSTM based methods.

In summary, we have proposed a unified approach to generate high quality temporal action

proposals for untrimmed video data that is computationally efficient while at the same time

capable of generating good performance. We have also shown that the learning of FSMNs

is easier and faster than that of RNNs or LSTMs and is suitable for spatio-temporal related

tasks. Our Incorporated model is designed to process large amounts of untrimmed video data

and localize key human actions within high precision. The experiments on the ActivityNet

1.3 temporal action proposal task demonstrate the effectiveness of our approach in lowering

computational complexity without sacrificing performance.
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6.2 Future Works

As demonstrated by the video classification models for the UCF101 dataset, pre-training on the

ActivityNet dataset is an option to obtain better spatio-temporal features. This however would

be resource intensive as these video datasets are large and the process would require multiple

GPUs training for an extended period of time. We also have to considered the parameter tuning

process which would be another roadblock in this task.
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Appendix

AUC - The evaluation metric used for the temporal action proposal task is the area under the

Average Recall vs. Average Number of Proposals per Video (AR-AN). A proposal is a true positive

if it has a temporal intersection over union with a ground-truth segment that is greater than that

or equal to given threshold of 0.5. Average Recall is the mean of all recall values using temporal

intersection over union value between 0.5 and 0.9 with a step size of 0.05. Average number of

proposals is defined as the total number of proposals divided by the number of videos in the

testing subset.
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