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Abstract

In this thesis, we present new methods to address multi-person scene understanding. Specifically,
we focus on a multi-person task known as group activity recognition. We analyze multi-person
scene understanding from the perspective of group activity recognition. We identify key challenges
in group activity recognition, and present deep neural networks based approaches to handle these
challenges. We show that our proposed approaches achieve competitive performance for group
activity recognition. We also study one of the key components of group activity recognition in more
detail, that is the problem of sequence modeling, where we apply new sequence modeling methods
to the task of dense video captioning. In the end, we also investigate how to compress these large

deep neural networks for efficient recognition on specialized domain tasks.

Keywords: Group activity recognition, Video Understanding, Network Compression, Dense Video

Captioning
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Chapter 1

Introduction

Multi person video understanding is a computer vision task that has applications in sports analytics,
robotics, surveillance, information retrieval, to name a few. Group activity understanding is one
of the multi-person video understanding problems in computer vision. Group activity understand-
ing deals with problems including temporal modeling of individuals/group activity, and capturing
structured interactions between individual action/pose dynamics with group activity [30, 57, 79, 81].
These problems are studied in other computer vision areas and have their own set of applications.
In this thesis, we first focus on the problem of group activity recognition, and introduce new tech-
niques to perform group activity recognition. Second, we focus more on the problem of temporal
modeling in videos, an important component of group activity recognition, where we delve into
other video understanding applications, namely the problem of dense video captioning. Lastly, we
introduce a principled method known as “fine pruning" for pruning large neural networks to deal
with specialized domain recognition tasks.

Group activity recognition [30, 57] is a multi-person scene understanding task where the goal is
to capture relevant multi-person information for the right classification of “group activity". A multi-
person scene in the context of group activity recognition task consists of numerous individuals,
each performing an “action”, interaction between multiple individuals, and a scene level description
known as “group activity” which depends on the context of the scene. Therefore, group activity
recognition models mainly involve temporal understanding individual actions and the nature of
the interaction between these individual actions, which influences overall group activity. Note the
term "action" to refer to individual actions as opposed to "group activity", which is a scene level
description involving a context-dependent aggregation of multiple individual actions. The main set
of challenges in group activity involves inter-class similarities between individual actions, frequent
occlusion of individuals in the scene, and intra-class variability in group activities.

In this thesis, we aim to address these important issues by using representations involving deep
neural networks. First, we propose a novel hierarchical deep temporal model to capture tempo-
ral dynamics for learning group activity representations. [S7]. Second, we propose a new deep
structured model for capturing interaction between individual label representations [30] and group

activity representation. While our hierarchical deep temporal model [57] focuses on building mod-



els to capture temporal dynamics of the individual actions and group activity, the deep structured
model captures interactions between individual action and group activity representation through our
message passing neural network [30].

Temporal understanding of long video sequence is an integral part of multiple computer vision
problems including group activity recognition, dense video captioning and action recognition, to
name a few. In the next part of this thesis, we focus on the task of dense video captioning to
study temporal modeling in videos. The main goal in dense video captioning is to detect events
happening in a long, multi-event video and describe each event with a natural language caption. The
input consists of a multi-event video, where the occurring events are often correlated to each other.
Models built for dense video captioning aim to capture these correlations. Traditional methods for
dense video captioning use recurrent neural network representation to encode videos and to caption
the events occurring in the video. However, they are limited in their ability to model long term
dependencies and capturing long term correlation. Therefore, it is necessary to build models that
can robustly capture these long term dependencies.

Network compression is a useful tool in efficient deep learning, which helps compress a large
deep neural network for efficiently performing transfer learning tasks. The network is usually pre-
trained on a large scale image classification task. For transfer learning, this pretrained network is
used for the new task by replacing classification component with a desired new set of layers and
performing a “finetuning" operation. However, this neural network might contain many redundant
parameters, considering the problem of specialized domain recognition. Therefore it is possible to
achieve robust performance on this task with a model that has a much smaller set of parameters
compared to the original model. Network pruning techniques are one such category of network
compression methods that aim to reduce the number of model parameters. In the previous network
pruning methods, pruning is performed layer-wise, independent of each layer, involving multiple
pruning hyperparameters that control the trade-off between pruning ratio and accuracy [45]. There
are multiple potential issues associated with traditional pruning methods. First, the pruning parame-
ters are set manually and remain fixed during training. Second, pruning is independent of fine-tuning
operation. Third, pruning is done independently for convolutional layers and fully connected layers.
We propose a novel principled method known as fine pruning to address these issues. We conduct
experiments on two specialized domain image classification datasets [21, 173] to demonstrate the
effectiveness of fine pruning.

In the subsequent sections, we elaborate on each of the core contributions of the thesis and

summarize these contributions at the end of this chapter.

1.1 Hierarchical deep temporal model for group activity recognition

We propose a new deep hierarchical model and a new dataset for group activity recognition. The
proposed model consists of a two-level hierarchical model that focuses on modelling individual per-

son dynamics at the bottom level of the hierarchy and the top level of the hierarchy. Each hierarchy



level uses a long short term memory (LSTM) network [53] to capture their respective dynamics.
In addition, person-level representation finetunes an Imagenet [28] pretrained convolutional neural
network for group activity recognition.

Our second contribution is a new volleyball dataset for group activity recognition. While the pre-
vious datasets for group activity recognition mainly focus on surveillance settings, our new dataset
consists of volleyball sports videos, which adds diversity to group activity recognition benchmarks.
This dataset brings a new relationship between group activity and actions of individual persons, dif-
ferent from surveillance videos, thereby diversifying the task in multiple aspects. The final dataset
consists of 4830 video clips with frames of size 1280 by 720. We use this new dataset as well as the
benchmark of collective activity recognition dataset for our experiments to show the effectiveness

of our new model.

1.2 Deep structured model for group activity recognition

We propose a new deep structured model consisting of one or more “message passing" blocks that
capture relevant dependencies of group activity, which ultimately refines the group activity label
prediction. In this part, we propose a neural graphical model for group activity recognition. Group
activity depends on the properties of individual motion: individual actions and pose. The goal of
our neural graphical model is to capture these dependencies to refine group activity prediction. Our
model consists of message passing blocks, which contain a neural factor layer that generates refined
individual/group activity label predictions. Thus, these message passing blocks refine the label
predictions of our network. We use supervision in the form of individual action and pose labels, in
addition to group activity (also referred to as “scene" label) labels. The training process consists of
finetuning the deep convolutional neural network and training the message passing blocks jointly to
perform the final refined group activity prediction. We show that our novel deep structured network
achieves competitive performance for group activity recognition on two surveillance datasets [18,
78].

1.3 Fine Pruning for Network compression

We propose a principled method known as “fine pruning" that performs fine-tuning and pruning of
a deep neural network with large number of parameters. Our method is iterative, with each iteration
consists of fine tuning, selecting optimal pruning hyperparameters, and pruning the network with
these pruning hyperparameter settings. Our task’s main objective is to optimally prune the deep
neural network while maintaining the main performance measure of the task (classification accuracy
on the validation set in our case) intact. In each iteration, we have a hyperparameter candidate pool,
which picks the candidate that achieves the optimal value of our objective function. Computing
the best hyperparameter candidate in a brute force fashion is computationally expensive overall

candidates in the pool. Therefore, we conduct hyperparameter search efficiently using Bayesian



optimization [137], although we note here that our method is flexible to use any hyperparameter
search method. Thus, we feed this optimal hyperparameter to the pruning algorithm, which prunes

the network at the last step of the current iteration.

1.4 Memory-augmented recurrent neural networks for dense video
captioning

Dense video captioning involves detecting and captioning all the events happening in a multi-event
video. We improve over previous recurrent representations for dense video captioning by aug-
menting them with external memory to capture long-term dependencies. We use a Bidirectional
long short term memory (Bi-LSTM) network, one for video encoding, and one for captioning each
event. To demonstrate the effectiveness of our memory-augmented representation, we focus solely
on the captioning task, where we assume groundtruth event segments are already provided.

We train this model end-to-end, which gives us a video encoder representation sensitive to all
the events happening within the video. We show that our model using an external memory for video
encoding and captioning obtains competitive performance over baseline methods that do not have at
least one external memory augmentation. We use two benchmarks in our experiments: ActivityNet

captions dataset and YouCook II dataset.

1.5 Summary of contributions of the thesis

In summary, the core contributions of this thesis are:

e Hierarchical deep temporal model for group activity recognition: We propose a novel hier-
archical deep temporal model for group activity recognition. We also introduce a new dataset
for group activity recognition known as the volleyball dataset. This work was published in
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) 2016 [57], and
our volleyball dataset has been used by recent work in their research [131, 90, 110, 9, 166, 56].

e Deep Structured Models for group activity recognition: We propose a new deep structured
model for group activity recognition. This approach uses a novel neural message passing
neural network that mimics message passing operation and refines the label predictions. This
work was published in British Machine Vision Conference (BMVC) 2015 [30].

e FinePruning: We introduce a principled method for network pruning that jointly performs
finetuning and pruning operations by adaptively setting pruning hyperparameters in each iter-
ation. This work was published in British Machine Vision Conference (BMVC) 2017 [150].

e Memory-augmented recurrent neural network for dense video captioning: We propose a
new approach to dense video captioning that uses a memory-augmented multi-event video
encoder and a memory-augmented caption decoder that generates a caption corresponding to

each event in the video.



Chapter 2

Related Work

In this chapter, we review seminal work that is related to this thesis. We begin with a seminal work
review in group activity recognition, a multi-object scene understanding problem. Group activity
recognition is a task related to other computer vision tasks, including video understanding for mod-
eling individual actions, and structured prediction models capturing different dependencies between
group activity and individual actions. Therefore, research areas related to group activity recognition
include action recognition, sequence understanding, event recognition, object detection/tracking,
graphical models, and video understanding. Applications related to group activity recognition in-
clude surveillance (such as monitoring crowded locations like vehicular traffic, public transportation
terminals, places of attractions), and sports analytics (especially suitable for team sports like volley-
ball, basketball). We review methods and problems related to group activity recognition.

Then we turn our attention to the problem of dense video captioning. Dense video captioning
deals with the problem of describing multiple events that occur in a multi-event video. It is related
to other tasks in computer vision, including sequence modeling applications in videos similar to
group activity recognition, as well as multimodal computer vision tasks such as image captioning,
dense captioning, and video captioning. We present a review of methods and problems related to
dense video captioning.

The final part of our research deals with compression of deep neural network models for spe-
cialized domain recognition tasks. Network pruning, which we perform in our case, is one of the
many techniques used for network compression. Other network compression methods, including
weight quantization, knowledge distillation are also discussed later in this chapter. In the end, we

present a review of methods related to network pruning and network compression.

2.1 Review of Group Activity Recognition
2.1.1 Methods for Group Activity Recognition

Intille et al. [58] deal with the task of multi-person action recognition using a structured model
that captures individual actions, interactions between individuals, and integrates multiple feature

sources for multi-person action recognition. The input to the system is a video, with a set of in-
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Figure 2.1: Illustration of train/test group activity recognition pipeline proposed in Li et al. [88]
(Fig.obtained from [88])

dividual trajectories in the video. These trajectories are input to a visual network that performs
individual action recognition. Next, a set of temporal analysis functions compute temporal relations
between the individual actions. A multiagent belief network integrates information from the output
of temporal analysis functions to predict multi-person action recognition.

Gong et al. [40] build a model based on dynamic probabilistic models to capture interactions
among multiple individuals for group activity recognition. Towards this end, they propose a dy-
namically multi-linked hidden Markov model (DML-HMM). The proposed model overcomes the
limitations of previous work in that this model is capable of dynamically capturing topology of
the underlying spatio-temporal interactions. The proposed model establishes links to states from
previous timesteps by factorization of state transition matrices, picking the most essential states.
Experiments on an outdoor surveillance dataset using both clean and noisy sequences demonstrate
that the proposed DML-HMM model outperforms previous state-of-the-art models for group activ-
ity recognition.

Li et al. [88] analyze data-driven discriminative regions in a temporal interaction manifold for
group activity recognition. The pipeline of the proposed approach is shown in Fig. 2.1. Given indi-
vidual trajectories and roles, the work attempts to model group activity using temporal interaction
matrix, which to used to construct a manifold on which all the group activities could be projected,
known as discriminative temporal interaction manifold (DTIM). A probabilistic generative distribu-
tion is constructed for temporal information matrix on this manifold in order to capture distribution
of group activity classes. Group activity classes are then associated with a likelihood density, and
further, a maximum aposteriori classifier is trained using this likelihood density for group activ-
ity recognition. Experiments are conducted on a sports dataset and it is shown that the proposed
probabilistic modeling DTIM outperforms other baseline classifiers.

Ryoo et al. [124] introduce a stochastic model involving a hierarchical representation to perform
group activity recognition and localize individuals performing the group activity. The proposed sys-

tem models group activity as a formal representation capable of incorporating stochastic structures
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Figure 2.2: Overview of hierarchical model for group activity recognition, with colour coding of
various model components (Fig.obtained from [79])

present in group activities annotated manually by a human expert. Further, a hierarchical model
is used to localize a subset of individuals among the entire scene performing group activity, using
stochastic sampling to filter candidate individuals who are not part of group activity. The hierar-
chical model performs Bayesian inferencing to compute group activity. Experiments conducted
on the newly constructed dataset show that the proposed stochastic model outperforms a previous
deterministic method used for group activity recognition.

Choi et al. [19] deal with group activity recognition by building contextual feature representation
for individuals by considering neighbourhood into account. The neighbourhood context is used to
construct feature representation for each person, for classifying each person into one of group activ-
ity classes. Neighborhood context is captured using a spatio-temporal representation is constructed
using a random forest based approach, which partitions the resultant spatio-temporal space and con-
structs the feature representation by choosing the most discriminating volume. Finally, a Markov
random field is used to address the noise in the neighbourhood based individual feature represen-
tation occurring due to errors in human pose or trajectory estimation. Experiments show that the
proposed system obtains state-of-the-art performance while also outperforming simpler models that
do not include at least one of the system’s components.

Lan et al. [81] propose a discriminative structured model for group activity recognition. The pro-
posed model explores contextual features for group activity recognition such as interaction among
individual actions, interaction between group activity and individual actions. These interactions are
captured in multiple ways. First, the interactions automatically inferred using a structured model in
latent variable framework. Second, spatio-temporal “action-context" descriptor that encodes indi-
vidual features interactions in space-time proximity are extracted and utilized by the model. Learn-

ing the structured model and performing inference of the graph structure and the labels are both
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performed using an approach closely related to Latent SVM [182] formulation. Experiments on
multiple datasets demonstrate that the model that combines these two modes of capturing interac-
tions outperforms previous methods for group activity recognition and simpler baselines that do not
incorporate both these interaction features.

Lan et al. [79] introduce a hierarchical model for group activity recognition. The proposed
model, illustrated in Fig. 2.2 performs human action understanding at the lower level of the hierar-
chy, and capture interactions between individuals in the scene at the higher level of the hierarchy,
eventually to perform group activity recognition. They capture inter person interactions as “so-
cial roles". The proposed structured model is learned using Structured SVM [62]. Experiments
are conducted on the newly constructed hockey dataset to show the effectiveness of the proposed
model, and the ablation studies indicate the importance of the hierarchical model in achieving the
best recognition performance. Choi et al. [17] propose a unified framework for tracking people
and determining group activity in a multi-person scene. The proposed approach, illustrated in 2.3
consists of a tracking component and a hierarchical structure to capture a set of actions in the scene.
First, a hierarchical structure is used for modelling individual actions, interactions between individ-
ual actions, and group activity. Second, tracks of individual persons in the video are computed using
multi-target tracking, influenced by interactions captured in the hierarchical model, formulated as
a min-cost network problem. The model learning and the inference during test time is performed
jointly. Experiments on multiple datasets show that the unified framework achieves competitive
performance with respect to the state-of-the-art for group activity classification and multi-target
tracking.

Lan et al. [78] identify action primitives in a weakly supervised learning framework, which
are shown to be effective for group activity recognition. These primitives are learned using a dis-
criminative max-margin clustering method. The method first identifies primitives within a given
video and then proceeds to use these intra-video clusters to build action primitives that are visually
consistent across all the training data. The first step, the intra-video clustering, is used to identify

individuals from adjacent frames. The second step, the inter-video clustering, is used to identify in-



Figure 2.4: Multiple,semi-local candidate activity constituents being identified for group activity
recognition in Antic et al. [6](Fig.obtained from [6])

dividual actions that are consistent across videos to obtain action primitives. Finally, group activity
representation is learnt using a latent SVM framework, where the representation models interactions
between action primitives found in a given video and group activity, as well as interactions between
group activity and individual actions. In addition to group activity recognition, action localization
model is also built on top of action primitives. Experiments on both these tasks show that action
primitives are effective for all the considered tasks, and offers explainable solution to group activity.

Antic et al. [6] characterize group activity as being dependent on spatio-temporal dynamics and
interactions between multiple local regions. To construct this dependency the model, illustrated in
Fig. 2.4 first clusters local regions of the video and trains a classifier that captures these constituent
local regions that could be meaningful and related to the overall group activity. The constituent
classifier learning is framed as a multiple instance learning, with the example consisting of multiple
noisy local regions from multiple examples which were clustered based on functional and visual
similarity. These classifiers aid in filtering the relevant local regions. The constituent classifiers
are learned in a multiple instance learning framework jointly with the group activity classifier in a
max-margin framework. Experiments indicate that the proposed system outperforms the ablation
models and achieves state-of-the-art performance.

Tran et al. [149] characterize the group activity recognition task as having to identify the domi-
nant sub-group among multiple candidate groups of people in the scene, and learn to perform group
activity recognition by learning from spatio-temporal feature maps of this dominant group. They
identify this group using two novel “social signaling cues", which describes the degree of interac-
tion between people in a group. These include social distance cue and visual focus of attention cue.
Interactions between individuals are represented through a graph where interactions correspond to
edges and graph clustering is performed to identify each group in the scene. A novel local group
activity feature descriptor is also proposed to describe dominant group. Experiments on multiple
datasets show that the proposed approach outperforms baseline methods and achieves performance

comparable to previous state-of-the-art group activity recognition methods.
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Figure 2.5: Overview of cardinality kernel for visual recognition tasks (Fig.obtained from [47])

Amer et al. [4] deal with the task of group activity recognition using a new graphical model
that attempts to localize long-term collective activity that could occur in a video scene by capturing
spatio-temporal dependencies in a hierarchical fashion. The model aims to identify the individual
action relevant to the activity in the lower level of hierarchy, and model long term temporal de-
pendencies in the higher level of hierarchy. For the hierarchical model, the work modifies previous
work on hierarchical conditional random field to have only vertical connections to capture long term
dependencies, and the inference is carried out using linear program to compute latent variables at
each level of the hierarchy one at a time. Experiments show that the proposed modification and
the resultant structure of the graphical model used in this work outperforms previous hierarchical
conditional random field models, and achieves state-of-the-art classification performance.

Hajimirsadeghi et al. [47] propose a new framework to capture relations between a recognition
task and cardinalities of the constituent units under consideration. The proposed method, illus-
trated in Fig. 2.5 involves learning cardinality relations in a multiple instance learning setting, and
the model parameters are learned using hidden conditional random field. They adopt a kernelized
framework to learn the instance cardinality - bag label relations. They conduct experiments in
multiple applications, including group activity recognition and action recognition to show that the
proposed cardinality kernel achieves comparable performance to the corresponding state-of-the-art
models in the considered tasks.

Deng et al. [29] performs group activity recognition by learning to infer relations between indi-
vidual actions and group activity for refining individual action as well as group activity predictions.
The proposed approach consists on a recurrent neural network that performs message passing be-
tween different individual/group activities for refining their values and uses gating mechanism to
learn the structure of the scene, which is comprised of individual actions and group activities. Ex-
periments on multiple datasets show that the proposed approach achieves competitive performance
for group activity recognition.

Shu et al. [131] deal with group activity recognition involving hierarchical temporal models.
They address brittleness in predictions made by cascade LSTMs by casting prediction problem as
energy minimization with confident predictions as opposed to softmax based predictions. Their

base model consists of a hierarchical model that captures individual actions, interaction between
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individuals in the lower hierarchy, eventually predicting group activity at the upper level of hierar-
chy. However, for prediction of individual actions and group activity, they use an additional energy
minimization layer on top of softmax operation. The energy minimization layer is also regularized
by a prediction confidence term to improve the reliability and numerical stability of energy layers’
predictions. Experiments conducted on two datasets shows the effectiveness of the whole model
over baselines and previous hierarchical methods that perform softmax based predictions.

Li et al. [90] propose semantics based group activity recognition. The proposed method consists
of a “captioning" network that learns to predicts attributes of a scene, i.e. individual action labels
as a caption, and then uses this sentence to learn group activity representation. The input to the
caption network is an aggregated visual feature representation from a two streamed network. The
caption word matrix is then used as input to another convolutional neural network with an additional
LSTM at the top that is learnt to predict the right group activity label. Experiments conducted on
multiple datasets show that the proposed approach achieves competitive group activity recognition
performance.

Bagautdinov et al. [9] propose a method that jointly detects individuals and performs group
activity as well as individual action classification using a fully convolutional network based repre-
sentation and a matching recurrent neural network. The proposed approach consists of two fully
convolutional network blocks, one which is directly used for activity classification, while the other
block is used for dense person detection using multi scale features. The detection component further
uses a Markov random field to refine the predictions made by FCN based detections. It is also used
by the matching recurrent neural network to predict individual and group activities. The detection
and classification tasks are trained jointly. Experiments on multiple datasets show that the proposed
approach achieves state-of-the-art group activity recognition as well as multi-person detection.

Qi et al. [110] introduce a semantic model for group activity recognition that learns contextual
spatio-temporal features for capturing interactions between individuals eventually useful for group
activity recognition. The proposed approach constructs spatio-temporal graph representation of
scene and uses a semantic RNN to learn interactions between different individuals. The learning
of contextual features in the semantic graph representation using semantic RNN occurs through
message passing and factor sharing to infer the spatio-temporal graph structure. Finally, a novel
spatio-temporal attention mechanism is employed to identify key actors and keyframe information,
which is eventually helpful for performing group activity recognition. Experiments on multiple
datasets demonstrate the effectiveness of the complete model in achieving competitive performance
for group activity recognition.

Ibrahim et al. [56] build a hierarchical relational network for multi-person scene understand-
ing tasks. The proposed relational network consists of relational layers that encodes inter-person
relations in the scene. Each person in the scene is encoded by a relational layer using a shared
relational unit representation. Multiple relational layers are then stacked to build a hierarchical re-
lational representation for the whole scene. The network is operated under supervised setting for

group activity recognition and under unsupervised setting where person level and scene level feature
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Figure 2.6: Sample examples from the collective activity dataset (Image obtained from dataset
homepage)

representation are constructed using a hierarchical relational model for scene/person retrieval tasks.
Experiments conducted on these tasks demonstrate that hierarchical relational network is able to
learn a discriminative feature representation for group activity recognition as well as scene/action
retrieval tasks.

Wu et al. [166] model relations between individuals using a relation graph for group activ-
ity recognition. The proposed approach learns the graph representation using graph convolution
network. Further, it is also shown that sparsification of graph representation through the proposed
spatio-temporal sparsification mechanisms yields effective learning of group activity representation.
The proposed approach learns graph representation to generate a set of person-level relational fea-
tures to predict group activities. The proposed approach is also shown to generate graphs that could
be interpreted to show inferred relations between individuals and group activity. Experiments on

two datasets show that the model achieves state-of-the-art group activity recognition performance.

2.1.2 Datasets

1. Collective Activity dataset: Choi et al. [18] introduce a new dataset known as Collective Activ-
ity dataset, consisting of pedestrian videos where people perform group activities such as queuing,
walking, to name a few. Further, they propose an extension of Kalman filtering to track the detected
people and a local spatio-temporal descriptor for performing collective activity recognition. Their
method outperforms previous state-of-the-art techniques for collective activity recognition. Collec-
tive activity dataset consists of 44 surveillance scene videos, 8 individual pose labels, 5 individual

action labels (illustrative examples shown in Fig. 2.7), and five group activity labels (also known as
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Figure 2.7: Example dense annotation in the NCAA Basketball dataset, highlighting timestamp and
event label annotations (Image obtained from Ramanathan et al. [111])

scene labels). The scene labels are the same for crossing, waiting, queuing, walking, and talking. A
scene is assigned a group activity label based on the majority of what people are doing.

2. UCLA Courtyard dataset: Amer et al. [3] introduce UCLA Courtyard dataset, which con-
sists of 106-minute multi-person, multi-scale videos with multiple scales of annotated semantic
information. The dataset consists of 6 group activities, 10 primitive actions, and 17 object anno-
tations. They propose a new model that models individual actions, group activities, and relevant
objects in a hierarchical structure using an AND-OR graph. Inference is conducted using an effi-
cient exploration-exploitation strategy in an iterative fashion. Experiments are conducted on mul-
tiple tasks, including group activity recognition and multi-scale semantic activity detection on the
newly constructed dataset. These experiments show that the proposed inference strategy achieves
competitive performance with decreased time complexity.

3. Nursing Home dataset: The Nursing home dataset [195] consists of indoor surveillance
videos obtained from long-term care facilities. It consists of 123 short clips, with six action labels.
In this work, the main task objective is to detect the “fall" action, and therefore dealt with a binary
classification problem.

4. NCAA Basketball dataset: Ramanathan et al. [111] identify key actors using attention maps
in a multi-person video for event recognition task. The proposed approach tracks people and uses
recurrent neural network representation to encode their feature representations. An attention map
then computes a weighted sum over all these feature representations, which is utilized by another
recurrent neural network for performing multi-person event recognition.

Experiments are performed on the newly constructed dataset consisting of basketball videos
with event annotations. The dataset consists of 14548 24-frame clips from 257 basketball games
and eleven unique labels. Furthermore, they also annotated 9000 frames from the training videos
with bounding box annotations of individual locations for training an object detector. Finally, for
evaluation purposes, they annotated the ball’s position, consisting of 850 test video clips.

Experimental results show that the proposed approach outperforms the previous state-of-the-art
multi-person event recognition methods and baselines. Besides, it was also shown that the proposed

attention mechanism is able to localize key actors of the scene effectively.
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2.1.3 Related research Work

Group activity recognition methods operate on multi-person videos and build models by capturing
individual actions and interactions between them. These sub-problems are related to other research
areas including action recognition and multi-object tracking. Finally, we also discuss other multi-

person recognition tasks and techniques related to group activity recognition.

Action Recognition

Action recognition is a research area closely related to group activities, where learning individual
action representation, also known as “atomic"” action forms part of group activity recognition mod-
els [57, 79, 30, 81]. Action recognition research concerns with video scenes with a single person
performing some action. The main goal is to classify a person’s actions into one of the prede-
fined set of categories. Several action recognition datasets exist, which focus on different scenarios.
Action recognition datasets consist of different types of videos, such as egocentric videos, indoor
videos, sport videos to name a few. The scale of action recognition datasets gradually progressed
in scale from KTH dataset [125] one of the small scale action recognition datasets has few hundred
curated videos with a few actions, to recent datasets containing YouTube videos which are millions
in numbers [67] with hundreds of action categories.

Earlier methods for action recognition involve building different kinds of handcrafted feature
representations for action recognition [125, 82, 36]. Recent techniques, inspired by the success of
deep learning techniques in other computer vision and machine learning tasks, utilize deep neural
networks for action recognition [67, 135, 32, 147]. Deep neural networks for action recognition
employ different networks involving architectures such as 2d/3d convolutions, recurrent neural net-
works, and optical flow-based models. Inspired by these methods, we build our deep models for
group activity recognition. We refer to multiple surveys for a more detailed review of seminal work

in action recognition [108, 1, 51].

Object tracking

Group activity recognition task consists of multi-person videos, and group activity recognition meth-
ods often detect and track individuals. The most relevant research problem relevant to this frame-
work is multi-target tracking. Multi-target tracking involves computing a set of “tracks", each corre-
sponding to an object in the video. Each track is characterized by a set of bounding boxes from each
frame corresponding to the location of the object under consideration, which has a center, width and
height. Tracking has applications in video surveillance, robotics, sports analytics, to name a few,
and is used in multiple computer vision problems, including action recognition, visual navigation,
pedestrian analysis, to name a few. Challenges to multi-target tracking include occlusions, presence
of indistinguishable objects, object clutter.

Here, we reviewed group activity recognition methods that deal with people trajectories, also

known as “tracks", including work that make use of trajectories for group activity recognition in sev-
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Figure 2.8: Sample scenes from the VIRAT dataset (Image obtained from Oh et al. [103])

eral different ways. Some methods approach group activity recognition by using the given trajecto-
ries for group activity recognition [58, 88, 142], while other methods extract different neighborhood
representations for group activity recognition [18, 19, 101] and other methods that jointly learns
individual action/group activity representation alongside multi-target tracking, thereby aiming to

improve multi-target tracking using the former as contextual information [123, 17].

Other Related Work

Morariu et al. [97] address the problem of multi-agent event recognition in videos. The input to the
model is a set of person trajectories, rules, and other meta information relevant to the input scene,
which is necessary to generate observations and the event interval outputs. The proposed approach
first processes the input to generate hypothesized events and perform event reasoning using interval
logic representation. Second, Markov logic networks generate probabilistic event predictions from
these noisy first-order logic event hypothesis by constructing a factor graph representation of the
logic. Experiments show that the proposed probabilistic MLN framework refines the hypothesis
predictions made using interval logic representation. Event recognition task has application in
surveillance videos, where the task focuses on recognition of events, including individual-object
interactions such as vehicle opening, for instance, individual pair interactions and individual-centric
events, such as an individual exiting a room [103, 123]. Oh et al. [103] introduce a new dataset
known as “VIRAT dataset" for event recognition in surveillance videos. The dataset consists of
aerial outdoor video scenes and provides the annotations of localized events and tracks of moving
objects in the scene. Thus, the dataset acts as a benchmark for event recognition in continuous
videos and multi-object tracking. The dataset contains 23 types of events and 17 scenes, with 10-
2500 samples per event category.

Shu et al. [132] address several tasks pertaining to the multi-person aerial videos: multi-person
event recognition, grouping people, and recognizing social roles among people in these groups.

The work proposes a spatio-temporal AND-OR graph-based framework that addresses all these
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Figure 2.9: Message passing network for human pose estimation (Fig.obtained from [146])

problems jointly. This graph representation encodes relations between human roles, objects as
latent spatio-temporal templates, and uses dynamic programming to perform all the tasks under
consideration efficiently. Experiments on their newly constructed dataset show that their holistic,
joint formulation outperforms ablation models that deal with each task separately.

Lucey et al. [94] use role-based individual representation in a multi-person sports video to un-
derstand team activities. The approach first builds a novel role representation for individuals and
then employs this representation to discover team dynamics. The proposed approach constructs
role-based adversarial representation, using expert role annotations/individual trajectories involving
a bilinear spatio-temporal basis that encodes trajectories and second, using an automatic approach
involving Hungarian algorithm. Finally, it is shown that this role-based representation could de-
noise player detections, which aids in team understanding applications. Experiments are performed
on hockey videos to demonstrate the effectiveness of this framework in team activity understanding.

Direkoglu et al. [31] propose a new method for team activity recognition. Given a sequence
of players’ locations on a playground, the task is to classify the sequence into one of the “team
activities". The proposed approach utilizes a novel motion information image sequence for team
activity classification by first constructing a sequence of Poisson distribution images, which encodes
the aggregate position of the entire team. The motion information image is obtained by computing
frame difference and optical flow map on Poisson distribution image. Using this sequence, the
spatio-temporal motion descriptors are computed, and a linear classifier is trained for team activity
recognition. Experiments on multiple tasks, including team activity classification show that the
proposed method outperforms the previous state-of-the-art team activity classification model while
keeping the classifier efficiency intact at test time.

Tompson et al. [146] introduce a novel hybrid architecture for performing human pose estima-
tion using a part detector built using multi-resolution deep convolutional neural network, illustrated
in Fig. 2.9. Second, a spatial model is used to refine the part detector’s output, which is inspired
by Markov random fields and is constructed using a convolutional neural network that mimics rel-
evant operations like sum-product belief propagation. This spatial model refines the first stage

detector’s pose prediction by enforcing global pose consistency and inter-joint connection patterns.
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Figure 2.10: Overview of LRCN architecture applied to multiple visual recognition tasks
(Fig.obtained from [32])

Both models are trained in a unified manner. The proposed framework outperforms the previous
state-of-the-art methods on two different pose estimation datasets.

Donahue et al. [32] propose a new recurrent convolutional architecture that can deal with prob-
lems where both visual input and sequences are involved. The proposed approach, illustrated in
Fig. 2.10 handles various of these tasks by a novel network architecture that comprises a convolu-
tional neural network to deal with visual input LSTM model to deal with sequences. Models are
designed using this framework for multiple sequence understanding based visual tasks including
action recognition, image captioning and video description. Experiments conducted using the new
architectures for each of these tasks show that the proposed models achieve competitive perfor-
mance in all these tasks, demonstrating the promising applications of using recurrent convolutional
recurrent architecture for computer vision tasks.

Ramanathan et al. [112] perform weakly supervised social role discovery in multi-person videos.
They propose a model that consists of a conditional random field (CRF) that captures these inter-
actions. The model infers the role labels using variational inference to set the model weights. The
proposed model consists of components capturing human interaction features in space-time and
proxemics. To test the model, they annotate a subset of Trecvid-med11 dataset, where each anno-
tated example contains groundtruth information about social roles of each individual in the video.
These annotations are one to one mapped to role clusters that the model predicts in a fashion that the
mapping maximizes the model’s performance. Experiments and ablation studies indicate that the
whole CRF model with all the interaction features incorporated achieves better performance than the
rest. Alahi et al. [2] introduce a new model called “Social LSTM", which they use to perform tra-
jectory prediction of all the people jointly in a crowded scene. The proposed approach, illustrated
in Fig. 2.11 augments LSTMs to capture dependencies between multiple sequences (trajectories in

this case) using a “social pooling" that lets the model share information between spatially proximal
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Figure 2.11: High level illustration of Social LSTM framework (Fig.obtained from [2])

sequences automatically. Their approach outperforms the previous pedestrian trajectory prediction

models, which use handcrafted feature representations for trajectory prediction.

2.2 Review of Dense Video Captioning

2.2.1 Methods for Dense Video Captioning

Dense video captioning methods focus on the task of captioning each event that happens in a multi-
event video. These methods first perform event detection, followed by a captioning component
that describes each of the detection events in sentences. Here we review methods for dense video
captioning.

Das et al. [26] propose a hybrid dense video captioning system that combines low-level mul-
timodal topic model translation that learns keyword representations and a high-level graph based
language learning which also involves relating them to the detected visual concepts “stitched" over
time. Finally, a semantic verification system picks the most promising descriptions by comparing
predictions made by these bottom-up and top-down predictions. Experiments on multiple datasets
show the proposed approach’s effectiveness in generating semantically meaningful captions and
competitive performance on caption metrics.

Rohrbach et al. [119] explore the task of multi-sentence video captioning, where they deal with
generating captions at multiple levels of detail. The proposed approach generates a multi-sentence,

multi-granular caption for a video by treating it as a novel concept based video segmentation that
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Figure 2.12: Overview of joint event detection and dense video captioning proposed in Li et al. [91]
(Fig.obtained from [91])

automatically figures out granularity of description and generates a semantically coherent descrip-
tion. The approach first constructs an intermediate probabilistic semantic representation of the
input video and then generates caption by using this representation. Finally, caption generation is
enhanced by making use of task-specific semantic feature representation. Experiments conducted
on visual recognition and multi sentence generation on TACoS dataset tasks demonstrate the effec-
tiveness of the overall approach.

Li et al. [91] propose a new dense captioning method that jointly learns to detect events and
caption them. The proposed framework, shown in 2.12 consists of a novel event detection system
that leverages a captioning system to measure descriptiveness of a candidate proposal and a cap-
tioning system that uses reinforcement learning to describe events. The captioning system consists
of an attribute prediction component used to predict attributes for an event proposal, which is used
to generate caption. The captioning system is learned using reinforcement learning, where the cap-
tioning metric is used as the reward function, and the training objective is to maximize the expected
reward. Experiments show that the overall proposed system achieves state-of-the-art event detection
and dense video captioning results.

Xu et al. [168] propose an end-to-end dense video captioning system, involving a segment
proposal network and a hierarchical captioning network. The segment proposal network receives
C3D [147] map of video as input, and consists of 3D convolutional layers that learns to predict
bounding box offsets at a set of anchors. The hierarchical captioning module is a two level hierar-
chical model that has a “controller LSTM" that utilizes language context from neighborhood events

in addition to the visual context in order to refine the caption prediction and a “captioner LSTM" at

19



the lower level of hierarchy which captions each candidate proposal utilizing controller LSTM fea-
tures at each timestep. Experiments conducted on multiple datasets demonstrate the effectiveness
of the end-to-end contextual model over its baseline methods and previous state-of-the-art dense
captioning methods.

Wang et al. [161] propose a novel dense video captioning framework, with contributions in the
video proposal generation as well as the captioning framework. Their system consists of a novel
Bidirectional Single Stream Temporal Action Proposal Network to generate proposals that consider
context from the future into account. For captioning, they introduce a novel framework in the aspect
of visual features they use for captioning. First, they use video encoder features at the boundary of
a detected event as a context feature for captioning and is used in addition to the attended detection
proposal features. Second, they fuse this context vector with the attended proposal feature using a
gating mechanism. Experiments show that the proposed system achieves competitive performance
compared to previous methods and better performance than baseline methods.

Zhang et al. [185] adopt a hierarchical cross-modal embedding based framework for multiple
vision and language tasks, including dense video captioning. The key contribution of this work is
to include a reconstruction objective at each level of hierarchy and to each modality to previous
hierarchical cross modal learning methods for coherent embedding of each input component at
multiple levels of hierarchy. Further, cross-modal alignments are also established at each level
of hierarchy instead of previous work that focuses on global cross-modal alignments. Results on
multiple sequential tasks, including video/paragraph retrieval, action recognition and dense video
captioning, demonstrate the usefulness of adding the proposed unsupervised reconstruction loss in
achieving competitive performance in these tasks.

Zhou et al. [192] propose a transformer-based end-to-end model for dense video captioning.
The proposed approach utilizes transformers to encode video for performing event detection and
captioning each of these events. These transformers consist of stacked blocks of self-attention lay-
ers and feedforward layers, similar to previous transformer-based models [153]. The method also
proposes a differentiable masking network that enables them to train the entire pipeline, including
the event detection component and the end of the captioning component. The proposed approach
achieves competitive performance for event detection and dense video captioning sub-tasks on mul-
tiple dense video captioning datasets.

Mun et al. [98] consider and introduce a model that considers temporal dependencies between
events. The model consists of an event sequence generation network that generates an ordered
event sequence by selecting a subset of candidate event proposals using a pointer network architec-
ture [157]. This enables the model to encode temporal dependencies between events in the event
sequence. Then, a sequential captioning network captions each event in this sequence using rein-
forcement learning that comprises of multi level (individual event and episode level) rewards, and
the training involves maximizing a weighted combination of these two rewards, thus encouraging
coherence between caption generation for each individual event. Experiments show that the model

achieves state-of-the-art captioning performance.
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Figure 2.13: A sample dense caption from ActivityNet caption dataset [73] (Fig.obtained from [73])

2.2.2 Datasets for Dense Video Captioning

Regneri et al. [116] introduce “TACoS dataset", a dense video captioning benchmark in the cooking
domain consisting of multiple, multi-resolution captions for a given video. It consists of 127 videos
with 20 different textual descriptions, leading to 2540 annotations, with each annotation containing
5-15 sentences, with each sentence aligned to a video timestamp. On average, each description
covers 2.7 low-level activities, with difference in granularity. This dataset’s principal task is to
ground action verbs and phrases, where many existing semantic similarity models were evaluated
and compared to show that prediction models that use visual and textual information obtain better
performance than baseline methods that rely on unimodal data.

Krishna et al. [73] introduce dense video captioning and build a new benchmark known as Ac-
tivityNet captions dataset for dense video captioning. The proposed approach consists of an online
proposal module and a captioning module and utilizes contextual information to perform captioning
in the form of neighbouring events. The new dataset they construct consists of 20K videos, which
amount to 849 hours of video with 100,000 total event descriptions. On average, each video contains
3.65 temporally localized sentences, and each caption description has an average sentence length of
13.48 words. A sample from ActivityNet dataset is shown in Fig. 2.13. Multiple tasks are performed
on this dataset, including dense captioning, event localization, and video/paragraph retrieval. They
show that the proposed approach online and utilizes contextual information outperforms baseline
methods that exclude context.

Zhou et al. [191] propose a new framework based on one-dimensional convolutions for event

detection in a multi-event video. The proposed approach handles event detection as a temporal
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segmentation task, consisting of context aware video encoder, temporal convolution based segment
proposals, and finally a sequence prediction to yield final set of proposals using a recurrent neural
network. The work also introduces a new dataset for event detection and dense video captioning,
known as Youcook?2 dataset. This dataset contains 2000 videos from 89 recipes with a total length
of 176 hours. Each video contains 34AS16 event segments, also known as procedure segments,
temporally localized and captioned manually. They conduct experiments on this dataset to show the

proposed approach’s effectiveness over baseline methods for event detection.

2.2.3 Other Related Work

Image Captioning task deals with describing images using natural language sentence(s). Describ-
ing images using a natural language sentence is known as Image captioning, whereas describing
images using multiple sentences, corresponding to several image regions is known as dense cap-
tioning. Earlier approaches to Image Captioning include template-based methods [35, 89, 76],
and retrieval based methods [141, 104, 41, 54]. Template based methods complete predefined cap-
tion templates using the information obtained from the images, such as a set of objects present
in the image, inferring attributes of these objects and finding relationships between objects. Re-
trieval based methods caption an image by finding similar images from the training set and describe
the image using captions of these similar images. More recently, deep learning based caption-
ing models overcome the restrictive nature of these earlier methods and are shown to generate
custom caption for each image. Deep learning methods for image captioning learn to generate
captions using visual information [70, 66, 15, 117]. Supervised methods for image captioning
use the image-caption pair provided in the training data to learn image captioning models. Mul-
tiple supervised deep learning approaches have been introduced for performing image caption-
ing [158, 59, 95, 34, 148, 170, 61, 167, 145, 14, 65, 178, 181, 177, 5], including encoder decoder
models, models utilizing attention, compositional models, to name a few.

Encoder decoder models consist of two main components known as encoder and decoder [158,
59, 95]. The encoder component processes images to build visual features, and the decoder compo-
nent uses these visual features from the encoder to “decode" caption for the input image. Attention
based models [170, 61, 167, 145, 14] generate caption by learning to recursively “attend" to multiple
regions in the image, where the attention operation could be interpreted as the visual information
extracted by the model to generate a particular word in the output word sequence. Compositional
models [34, 148] consist of multiple modules gather different types of information about the image
(e.g. objects, interactions, attributes) and generate natural language descriptions using this extracted
information, additionally also consisting of modules that compose the linguistic output. Other image
captioning methods include learning from auxiliary data [177, 5], image captioning using semantic
understanding of images [65, 178, 181], unsupervised image captioning methods [130, 24], and
reinforcement learning based methods for image captioning [117, 118, 186].

Video Captioning task deals with describing videos using natural language captions. Video

captioning methods use a template based approach or a sequence learning approach. Template
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based methods [44, 120, 72, 171] make use of fixed templates and parse the input video to complete
the templates using visual properties such as objects, attributes, interactions and relationships. Se-
quence learning approaches [155, 129, 176, 169, 106, 38, 107, 174, 162] generate a distinct caption
for each video using deep neural networks. Video captioning methods use different deep neural
network models such as encoder-decoder models, attention based models or use auxiliary data for
video captioning [154], similar to image captioning.

Dense Image Captioning, or dense captioning, generates multiple captions for an image in-
stead of image captioning, which generates a single caption for an image. The dense captioning
task involves discovering salient image regions and describing each identified salient region using
a caption. Johnson et al. [64] propose a dense captioning problem and formulate a method that
efficiently localizes a set of salient image regions and describe each region using an LSTM. Yang
et al. [172] utilize image region-caption description correspondences and neighbourhood context
for jointly predicting dense captions with localization of salient regions. Yin et al. [180] perform
dense captioning by extracting contextual information and grounding attributes in captions through

multi-scale message propagation.

2.3 Review of Network pruning

Specialized domain recognition tasks deal with small scale datasets with a fraction of label cate-
gories compared to object recognition problems involving hundreds or thousands of label categories.
Therefore, to achieve high performance on specialized domain recognition tasks, we explore net-
work pruning to efficiently perform recognition tasks with fewer parameters. Network pruning is
one technique among many techniques for network compression. In this section, we review different
methods to perform pruning [85, 49].

Other standard techniques to perform network compression include reducing the precision of
weights from single-precision to bit-level precision, such as weight quantization [48] / weight bi-
narization [23, 114], knowledge distillation [52, 121], structured projection of fully connected lay-
ers [16, 96, 175] to name a few. We review these methods in order to study network compression in
detail.

Network pruning is one of several approaches for performing Network Compression. Lecun et
al. [85] introduce a new technique called optimal brain damage to prune a deep neural network. This
work aims to identify parameters that have the least impact on the objective function. For assessing
the importance of parameters, it uses the second derivative of the objective function with respect
to the parameters to compute their “saliencies"”, and finds the set of parameters that perturb the
objective function by the least amount. Iteratively, they compute the second derivatives efficiently
similar to backpropagation and delete the parameters with the lowest value of saliency. Experiments
on handwritten digits dataset show that their computing method and using their saliency values to

prune weights is more robust to approach, which uses magnitude-based weight pruning.
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Figure 2.14: Overview of three stage compression pipeline proposed in Han et al. [48] (Fig.obtained
from [48])

Hassibi et al. [49] approach the problem of network compression by using second-order deriva-
tives to find weights that would least affect the network performance. Unlike previous methods,
this work does not assume any form for the second-order derivative matrix. Once a weight is re-
moved, this method also re-computes other weights’ strength without a need for back-propagation.
The method also describes a simplified method to calculate the inverse Hessian matrix by using its
recursive relation to the network’s structure. Experiments were conducted on multiple datasets and
outperformed previous network pruning methods considerably, thereby showing the effectiveness
of their method in pruning the right set of weights against other methods. Han et al. [48] perform
network compression in order to enable them to run object recognition models on a smaller hard-
ware platform. In order to do so, they propose a three stage pipeline, illustrated in Fig. 2.14, which
performs redundant connection pruning, weight quantization to reduce the storage requirements and
Huffman coding to make use of non-uniform distribution in this codebook to encode weights based
on their frequency. Experiments show that each step in this pipeline brings down the number of
unique parameters, aiding in memory storage requirements of the network while maintaining the
classification accuracy intact with each pipeline stage’s addition.

Srinivas et al. [140] approach network pruning in a data-free manner, where they remove neu-
rons one at a time in a systematic fashion. They come up with heuristics to perform network pruning
by measuring similarity between two neurons associated with the weight values of their connections,
achieved through the computation of a “saliency" matrix and removing one of the two similar neu-
rons. Before computing saliency matrix, they perform weight normalization, which enables them
to scale all the weights to a range, which helps to remove more weights. Experiments on multi-
ple datasets and networks suggest that the proposed approach is tolerant to aggressive pruning than
previous network pruning methods.

Li et al. [86] prune filters in convolutional layers that have limited impact on accuracy. The

method proposes a structured, one-shot approach to pruning weights across multiple layers, which
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is efficient, especially with networks with many convolutional layers. For pruning, filters that have
the smallest expected impact on activations are chosen, and network sensitivity to pruning is mea-
sured. Multiple strategies are explored for retraining pruned networks(to improve accuracy), for
simultaneous pruning of multiple layers together. Experiments on multiple datasets with different
networks show that the approach is effective in being able to reduce the inference costs using simple
filter pruning techniques significantly.

Guo et al. [45] propose dynamic network surgery, a new method for network compression by
performing on-the-fly connection pruning. The proposed method performs pruning in such a way
that it is possible for the network to re-establish a previously pruned connection using splicing
operation if it is deemed as necessary later. This framework lets the network prune more effi-
ciently and increase the pruning ratio without a sharper drop in the classification accuracy. The
pruning/splicing operations are performed by measuring every parameter’s importance and is de-
termined by the magnitude of their values. The pruning operation is performed independently for
each layer in the network. Experiments show that the proposed method outperforms the previous
state-of-the-art pruning method on multiple datasets and different networks.

Network compression has had several approaches, all of which aim to reduce the spatial size
of a deep neural network. One such strategy is Network quantization [23]. In Courbariaux et al.,
a deep neural network consisting of binary weights is used for object recognition task, which re-
places space-consuming multiply-accumulate operators in conventional deep neural networks with
binary multipliers. The proposed method introduces a binarization scheme in order to achieve this
objective. In this scheme, first, a network layer is binarized scholastically using a sigmoid function.
Second, binarization is applied during forward and backward operations, while weight precision
is maintained during parameter updates. Using this scheme, the resulting deep neural network
achieves comparable recognition performance to the uncompressed neural network with a smaller
network size.

Lebedev et al. [84] perform network compression by utilizing sparsity constraints. They pro-
pose a structured convolutional kernel tensor pruning strategy called group-wise pruning, which
groups the tensor’s entries. Multiple algorithms to perform group-sparse convolutions are explored,
which differ in how they handle sparsification and finetuning. They also make use of group-sparsity
regularization [184] to learn the grouping patterns automatically, which aids them in speeding up
generalized convolutional operations. The proposed approach is tested on multiple datasets with
standard convolutional networks, and it is shown that the proposed method outperforms previous
sparsification strategies involving tensor decomposition.

Knowledge distillation [52] is another technique to perform Network Compression. In this
work, Hinton et al. attempt to perform various recognition tasks efficiently, including a speech
recognition task which originally uses a cumbersome model, by replacing this system with a sim-
pler, single model while not compromising on performance. To train the smaller model, the pro-
posed knowledge distillation method constructs an objective function that aims to predict the right

groundtruth. It also has an additional term that encourages the smaller model to predict the same
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class probability distribution as the cumbersome model. Experiments conducted on speech recogni-
tion and MNIST digits recognition task show that the distilled smaller model achieves competitive
performance compared to cumbersome, ensemble models.

Cheng et al. [16] approach network compression by dealing with redundancies in fully con-
nected layers. It aims to reduce the number of parameters in fully connected layers by enforcing
a particular form of structure on them known as “circulant" structure, which also lets them per-
form speed up in computation through Fast Fourier transform. They also show that this structure
manages to preserve global information capturing intact, and the classification performance is not
compromised due to the structuring which led to decrease in the number of independent parameters.
Experiments show that the proposed structuring reduces both the space and time complexity of the

resultant model on multiple object recognition datasets and neural network architectures.
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Chapter 3

Hierarchical Deep Temporal Models for
Group Activity Recognition

3.1 Abstract

In this chapter, we present an approach for classifying the activity performed by a group of people in
a video sequence. The problem of group activity recognition is addressed by examining individual
actions and their relations. Temporal dynamics exist both at the level of individual actions and
group activity. We build a deep model to capture these dynamics based on LSTM (long short-
term memory) models. To model both person-level and group-level dynamics, we present a 2-
stage deep temporal model for the group activity recognition problem. In our approach, we use
two LSTM models, to represent action dynamics of the individuals in a video and to aggregate
person-level information for group activity recognition, respectively. We collected a new dataset
consisting of volleyball videos labelled with individual and group activities to evaluate our method.
Experimental results on this new Volleyball Dataset and the standard benchmark Collective Activity

Dataset demonstrate the efficacy of the proposed models.

3.2 Introduction

We could describe the action that is happening in Figure 3.1 in numerous levels of abstraction.
For instance, we could describe the scene in terms of what each individual is doing. This task of
person-level action recognition is an essential component of visual understanding. At another level
of detail, we could instead ask what the overarching group activity that is depicted is. For example,
this frame could be labelled as the “right team setting." In this chapter, we focus on this higher-level
group activity task, devising methods for classifying a video according to the group activity.
Human activity recognition is a challenging computer vision problem and has received attention
from the research community. It is a challenging problem due to factors such as the variability
within action classes, background clutter, and similarity between different action classes, to name
a few. Group activity recognition finds numerous applications in the context of video surveillance,

sports analytics, video search and retrieval. A particular challenge of group activity recognition is
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that the inference of the label for a scene can be quite sensitive to context. For example, in the
volleyball scene shown in Fig. 3.1, the group activity hinges on the action of one key individual
who is performing the “setting" action — though other people in the scene certainly provide helpful
information to resolve the ambiguity. In contrast, for group activity categories such as “talking"
or “queuing” (e.g. Fig. 3.4), the group activity label depends on the actions of many inter-related
people in a scene. As such, successful models likely require the ability to aggregate information
across the many people present in a scene and make distinctions utilizing all of this information.

Spatio-temporal relations among the people in the scene have been at the crux of several ap-
proaches in the past that dealt with group activity recognition. The literature shows that spatio-
temporal appearance/motion properties of an individual and their relations can discern which group
activity is present. A volume of research has explored models for this type of reasoning [18, 79,
112, 4]. These approaches utilize underlying person-level action recognition based on hand-crafted
feature representations, including the histogram of gradients (HOG) or motion boundary histograms
(MBH), both in a dense and sparse fashion [159], [125]. However, since they rely on shallow hand-
crafted feature representation, they are limited by their representational abilities to model a complex
learning task. Similarly, the higher-level group activity recognition models utilize probabilistic or
discriminative models built from relatively limited components.

On the other hand, deep representations have overcome this limitation and yielded state-of-the-
art results in several computer vision benchmarks [135], [67], [74]. One direct approach to group
activity recognition with a deep model would be to treat an image as a holistic input. One could
train a model to classify this image according to the group activity taking place. However, multiple
uninteresting regions (e.g. volleyball courts) in the frame will be considered in the classification
model. One way to resolve this is to learn attention models [170, 128] to highlight specific key
regions in the scene. Another direction might be to detect the people in the scene and learn a
model that focuses on these detections rather than the whole region of the scene (explicitly attend
to specific regions). We make use of the latter direction.

The inter-class distinctions in group activity recognition arise from the variations in spatio-
temporal relations between people, beyond just global appearance. Utilizing a deep model to learn
invariance to translation, to model relations between individuals, presents a significant challenge to
the learning algorithm. Similar challenges exist in the object recognition literature, and research
often focuses on designing pooling operators for deep networks (e.g. [144]) that enable the network
to learn effective classifiers.

Group activity recognition presents a similar challenge — it is necessary to model appropriate
networks that allow the learning algorithm to focus on differentiating higher-level classes of activi-
ties. A simple solution to come up with such a representation is to have a layered approach in which
each layer focuses on a subset of the image, and a given layer collects the information learnt from
its previous layer to learn the higher-level information. Hence, we develop a novel hierarchical deep

temporal model. Our model consists of one dedicated layer, which reasons about individual peo-
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Figure 3.1: Group activity recognition via a hierarchical model. Each person in a scene is modeled
using a temporal model that captures his/her dynamics. These models are integrated into a higher-
level model that captures scene-level group activity.

ple and a second higher-level layer that collects the information from the previous layer and learns
discriminative frame level information for group activity recognition.

Our method starts with a set of detected and tracked people. Given a set of detected and tracked
people, we use deep temporal networks (LSTMs) to analyze each individual. These person-level
LSTMs are aggregated over the people in a scene into a higher level deep temporal model. This
allows the deep model to learn the relations between the people (and their appearances) that con-
tribute to recognizing a particular group activity. Through this chapter, we show that we can use
LSTMs as a plausible deep learning alternative to the graphical models previously used for this task.

The contribution of this chapter is our novel deep architecture that models group activities in
a principled structured temporal framework. Our 2-stage approach models individual actions in its
first stage, and then combines person-level information to represent group activities. The model’s
temporal representation is based on the long short-term memory (LSTM): recurrent neural networks
such as these have recently demonstrated successful results in sequential tasks such as image cap-

tioning [32] and speech recognition [42]. Through the model structure, we aim at constructing a
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representation that leverages the discriminative information in the hierarchical structure between
individual actions and group activities.

We show that our algorithm works in two scenarios. First, we demonstrate performance on the
Collective Activity Dataset [18], a surveillance-type video dataset. We also propose a new Volley-
ball Dataset with individual bounding box location annotations, the annotated individual action and
group activity labels. Experimentally, the model is effective in recognizing the overall team activity
based on recognizing and integrating player actions.

This chapter builds upon a previous version of this work [57]. Here, we present a modified
model for alternative pooling structures, an enlarged Volleyball Dataset, and additional empirical
evaluations and analyses.

This chapter is organized as follows. In Section 3.3, we provide a brief overview of the lit-
erature related to activity recognition. In Section 3.4, we elaborate details of the proposed group
activity recognition model. In Section 3.5, we tabulate the performance of the approach, and end in

Section 3.6 with concluding remarks.

3.3 Related Work

Human action recognition is an active area of research, with many existing algorithms. Surveys by
Weinland et al. [165] and Poppe [108] explore the vast literature in activity recognition. Here, we

will focus on the group activity recognition problem and recent related advances in deep learning.

3.3.1 Group Activity Recognition

Group activity recognition has attracted a large body of work recently. Most previous work has
used hand-crafted features fed to structured models representing information between individuals
in space-time domains. For example, Choi et al. [18] use hand-crafted spatio-temporal feature
representations of relative human actions. Lan et al. [81] proposed an adaptive latent structure
learning that represents hierarchical relationships ranging from lower person-level information to
higher group-level interactions.

Lan et al. [81] and Ramanathan et al. [112] explore the idea of social roles, where the expected
behaviour of an individual person in the context of group, is modelled in a fully supervised and
weakly supervised setting respectively. Lan et al. [8§1] map the features defined on individuals
to group activity by constructing a hierarchical model consisting of individual action, role-based
unary components, pairwise roles, and scene level group activities. The interactions and unary
roles/activities are represented using an undirected graphical model. The parameters of this model
are learnt using a structured SVM formulation in a max margin framework, and operates under
completely supervised settings.

Ramanathan et al. [112] define a CRF-based social role model under a weakly supervised set-
ting. To learn model parameters, a joint variational inference procedure is adapted. HOG3D [71],

spatio-temporal features [159], object interaction feature [87], and social role features [193] are used
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as unary component representations. A subsequent layer consisting of pairwise spatio-temporal in-
teraction features is used to refine the noisy unary component features. Finally, variational inference
is used to learn the unknown role labels and model parameters.

Choi and Savarese [17] unified tracking multiple people, recognizing individual actions, inter-
actions and collective activities in a joint framework. The model is based on the premise that corre-
lation exists between individual actions, their neighbourhood. Following this intuition, they develop
a hierarchical structure of activity types that maps the individual activity to overall group activity.
In this process, they simultaneously track atomic activities, interactions and overall group activities.
The parameters of this model (and the inference) are learnt by combining belief propagation with
the branch and bound algorithm.

Chang et al. [13] employ a probabilistic grouping strategy to perform high-level recognition
tasks happening in the scene. Specifically, group structure is determined by soft grouping structures
to facilitate the representation of dynamics present in the scene. Secondly, they also use probabilistic
motion analysis to extract interesting spatio-temporal patterns for scenario recognition. Vascon et
al. [152] detect conversational groups in crowded scenes of people. The approach uses pairwise
affinities between people based on pose and a game-theoretic clustering procedure.

Choi et al. [19] use a random forest structure to sample discriminative spatio-temporal regions
from the video. They input this representation to a 3D Markov random field to localize collective
activities in a scene. Shu et al. [132] detect group activities from aerial video using an AND-OR
graph formalism. Lillo et al. [92] proposed a hierarchical model of multiple levels: pose level,
action level and activity level. These methods use shallow hand-crafted features, and typically

adopt a linear model that suffers from representational limitations.

3.3.2 Sport Video Analysis

Computer vision-based analysis of sports video is a burgeoning area for research, with many recent
papers and workshops focused on this topic. Work on sports video analysis has spanned a range
of topics from individual player detection, tracking, and action recognition, to player-player inter-
actions, to team-level activity classifications. Much work spans many of these taxonomy elements,
including the seminal work of Intille and Bobick [58], who examined stochastic representations of
American football plays.

Player tracking: Nillius et al. [102] link player trajectories to maintain identities via reasoning
in a Bayesian network formulation. Morariu et al. [97] track players, infer part locations, and
reason about temporal structure in 1-on-1 basketball games. In Soomro et al. [138], a graph-based
optimization technique is applied to address the task of tracking in broadcast soccer videos where
a disjoint temporal sequence of soccer videos is present. They first extract panoramic view video
clips, and subsequently detect and track multiple players by a two step bipartite matching algorithm.
Bo et al. [11] introduced a novel approach to scale and rotation invariant tracking of human body

parts. They use a dynamic programming-based approach that optimizes the assembly of body part
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region proposals, given spatio-temporal constraints under a loopy body part graph construction, to
enable scale and rotation invariance.

Actions and player roles: Turchini et al. [151] perform activity recognition by first obtaining
dense trajectories [159], clustering them, and finally employ a cluster set kernel to learn the action
representations. Kwak et al. [77] optimized based on a rule-based depiction of interactions between
people.

Wei et al. [164] compute a role ordered feature representation to predict the ball owner at each
time instance in a given video. They start from the annotated positions of each player, permute
them and obtain the feature representation ordered by relative position (called as role) with respect
to other players.

Team activities: Siddiquie et al. [133] proposed sparse multiple kernel learning to select fea-
tures incorporated in a spatio-temporal pyramid. In Bialkowski et al. [10], two detection-based rep-
resentations that are based on team occupancy map and team centroid map respectively, are shown
to effectively detect team activities in field hockey videos. First, players are detected in each of the
eight camera views that are used, and then team level aggregations are computed after classifying
each player into one of the two teams. Finally, using these aggregated representations, team activity
labels are computed.

Atmosukarto et al. [8] define an automated approach for recognizing offensive team formation in
American football. First, the frame pertaining to the offensive team formation is first identified, line
of scrimmage is obtained, and eventually the team formation label is obtained by learning a SVM
classifier on top of the offensive team side’s features inferred using the line of scrimmage. Direkoglu
and O’Connor [31] solved a Poisson equation to generate a holistic player location representation.
Swears et al. [143] used the Granger Causality statistic to automatically constrain the temporal links
of a Dynamic Bayesian Network (DBN) for handball videos.

In Gade et al. [37], player occupancy heat maps are employed to handle sport type classification.
People are first detected, and the occupancy maps are obtained by summing their locations over time.
Finally, a sport type classifier is trained on top of Fisher vector representations of the heat maps to

infer the sports type happening in a test scene.

3.3.3 Deep Learning

Deep Convolutional Neural Networks (CNNs) have shown impressive performance by unifying
feature and classifier learning, enabled by large labelled training datasets. They have been applied
successfully to multiple computer vision tasks, including image classification [74, 134] and action
recognition [135, 67]. More flexible recurrent neural network (RNN)-based models are used for
handling variable-length space-time inputs. Specifically, LSTM [53] models are popular among
RNN models due to the tractable learning framework that they offer when it comes to deep repre-
sentations. These LSTM models have been applied to a variety of tasks [32, 42, 100, 156].

For instance, in Donahue et al. [32], the so-called Long term Recurrent Convolutional network,

formed by stacking an LSTM on top of pre-trained CNNSs, is proposed for handling sequential tasks
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such as activity recognition, image description, and video description. In this chapter, they show
that it is possible to jointly train LSTMs along with convolutional networks and achieve comparable
results to the state-of- the-art for time-varying tasks. For example, in video captioning, they first
construct a semantic representation of the video using maximum a posteriori estimation of a con-
ditional random field to caption a natural sentence using LSTMs. Our model stacks LSTMs in a
related manner. However, in our hierarchical model, multiple LSTMs from the first layer feed their
input to the 2nd layer in a per-player approach where data come from individual image regions.

In Karpathy et al. [67], structured objectives are used to align CNNs over image regions and
bi-directional RNNs over sentences. A deep multi-modal RNN architecture is used for generating
image descriptions using the deduced alignments. In the first stage, words and image regions are
embedded onto an alignment space. Image regions are represented by RCNN embeddings, and
words are represented using bi-directional recurrent neural network [126] embeddings. In the sec-
ond stage, using the image regions and textual snippets, or full image and sentence descriptions, a
generative model based on an RNN outputs a probability map of the next word.

Alahi et al. [2] present a separate LSTM network per pedestrian to predict his trajectory in
crowded scenes. The proposed social pooling layer connects and shares information between these
LSTMs. Relative to our model, we use a shared LSTM network per person in the scene with a
pooling layer that fuses the different people’s representations to predict the whole scene activity.
Du et al. [33] also used multiple LSTMs to model action recognition from human skeletons.

In this chapter, we build a hierarchical structured model that incorporates a deep LSTM frame-
work to recognize individual actions and group activities. Previous work in the area of deep struc-
tured learning includes Tompson et al. [146] for pose estimation, and Zheng et al. [188] and Schwing
et al. [127] for semantic image segmentation.

In Deng et al. [30] a similar framework is used for group activity recognition, where a neural
network-based hierarchical graphical model refines person action labels and learns to predict the
group activity simultaneously. While these methods use neural network-based graphical representa-
tions, in our current approach, we leverage LSTM-based temporal modelling to learn discriminative
information from time-varying sports activity data. In [179], a new dataset is introduced containing
dense, multiple labels per frame for underlying action, and a novel Multi-LSTM is used to model the
temporal relations between labels present in the dataset. Ramanathan et al. [111] develop LSTM-
based methods for analyzing sports videos, using an attention mechanism to determine who is the
principal actor in a scene. In a sense, this work is complementary to our pooling-based models that

perform aggregations of all people involved in a group activity.

3.3.4 Datasets

Popular datasets for activity recognition include the Sports-1M dataset [67], UCF 101 database
[139], and the HMDB movie database [75]. These datasets were part of a shift in focus toward un-
constrained Internet videos as a domain for action recognition research. These datasets are challeng-

ing because they contain substantial intra-class variation and clutter both in extraneous background
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objects and varying temporal duration of the action of interest. However, these datasets focus on
individual human actions, in contrast to the group activities we consider in this chapter.

Scenes involving multiple, potentially interacting people present significant challenges. In the
context of surveillance video, the TRECVid Surveillance Event Detection [105], UT-Interaction [123],
VIRAT [103], and UCLA Courtyard datasets [3] are examples of challenging tasks including indi-
vidual and pairwise interactions.

Datasets for analyzing group activities include the Collective Activity Dataset [18]. This dataset
consists of real-world pedestrian sequences where the task is to find the high-level group activity.
The S-HOCK dataset [22] focuses on crowds of spectators and contains more than 100 million
annotations ranging from person body poses to actions to social relations among spectators. In this
chapter, we experiment with the Collective Activity Dataset, and also introduce a new dataset for
group activity recognition in sports footage which contains annotations of the player pose, location,

and group activities'.

3.4 Proposed Approach

Our goal in this chapter is to recognize activities performed by a group of people in a video sequence.
The input to our method is a set of tracks of the people in a scene. The group of people in the scene
could range from players in a sports video to pedestrians in a surveillance video. In this chapter, we

consider three cues that aids what a group of people is doing:

e Person-level actions collectively define a group activity. Person action recognition is a first

step toward recognizing group activities.

e Temporal dynamics of a person’s action is higher-order information that can serve as a
strong signal for group activity. Knowing how each person’s action is changing over time is

used to infer the group activity.

e Temporal evolution of group activity represents how a group’s activity is changing over
time. For example, in a volleyball game, a team may move from defence phase to pass and
then attack.

Many classic approaches to the group activity recognition problem model these elements as
a structured prediction based on hand crafted features [159, 125, 81, 79, 112]. Inspired by the
success of deep learning-based solutions, in this chapter, a novel hierarchical deep temporal model
is proposed that is capable of learning low-level image features, person-level actions, their temporal
relations, and temporal group dynamics in a unified end-to-end framework.

Given the sequential nature of group activity analysis, our proposed model is based on a Re-

current Neural Network (RNN) architecture. RNNSs consist of non-linear units with internal states

'The dataset is available for download: https://github.com/mostafa-saad/deep-activity-rec.
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Figure 3.2: Our two-stage model for a volleyball match. Given tracklets of K players, we feed each
tracklet to a CNN, followed by a person LSTM layer to represent each player’s action. We then pool
temporal features over all people in the scene. The output of the pooling layer is fed to the second
LSTM network to identify the whole team’s activity.

that can learn dynamic temporal behaviour from a sequential input with arbitrary length. Therefore,
they overcome the limitation of CNNs that expect constant length input. This capability makes them
widely applicable to video analysis tasks such as activity recognition.

Our model is inspired by the success of hierarchical models for group activity recognition. Here,
we aim to mimic a similar intuition using recurrent networks. We propose a deep model by stacking
several layers of RNN-type structures to model a range of low-level to high-level dynamics defined
on top of people and entire groups. Fig. 3.2 provides an overview of our model. We describe the

use of these RNN structures for individual and group activity recognition next.

3.4.1 Temporal Model of Individual Action

Given the tracks of each person in a scene, we use long short-term memory (LSTM) models to
represent the action of each individual person temporally. Such temporal information is comple-
mentary to spatial features and is critical for performance. LSTMs have been used successfully
for many sequential problems in computer vision. Each LSTM unit consists of several cells with
a memory that stores information for a short temporal interval. The memory content of an LSTM
makes it suitable for modelling complex temporal relationships that may span a long time range.
The content of the memory cell is regulated by several gating units that control the flow of

information in and out of the cells. The control they offer also helps avoid spurious gradient updates
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that can typically happen in training RNNs when the length of a temporal input is large. This
property enables us to stack many such layers to learn complex dynamics present in the input in
different ranges.

We use a deep Convolutional Neural Network (CNN) to extract features from the bounding box
around the person in each time step on an individual trajectory. The output of the CNN, represented
by x;, is a complex image-based feature describing the spatial region around a person. Assuming

x; as the input of an LSTM cell at time ¢, the cell activition is formulated as :

it = o(Wyixy + Wiihi—1 + b;) 3.1)
ft = o(Wyypxy + Wiphi—1 + by) (3.2)
o = 0(Waort + Wiohi—1 + bo) (3.3)
gt = ¢(Waexr + Wichi—1 + be) (3.4)
= ftOc-1+1itOg (3.5)
hy = 0 © ¢(ct) (3.6)

Here, o stands for a sigmoid function, and ¢ stands for the tanh function. x; is the input,
hy € RY is the hidden state with N hidden units, ¢; € RY is the memory cell, i; € RY, f, € RV,
o; € RV, and, g; € RY are input gate, forget gate, output gate, and input modulation gate at time ¢
respectively. ® represents element-wise multiplication.

When modelling individual actions, the hidden state h; is used to model a person’s action at
time t. Note that the cell output is evolving over time based on past memory content. Due to the
deployment of gates on the information flow, the hidden state will be formed based on a short-range
memory of the person’s past behaviour. Therefore, we can pass the output of the LSTM cell at each
time to a softmax classification layer? to predict individual person-level action for each track.

The LSTM layer on top of person trajectories (extracted as appearance image sequence of per-
sons) forms the first stage of our hierarchical model. The person trajectories This stage is designed
to model person-level actions and their temporal evolution. Our training proceeds in a stage-wise
fashion, first training to predict person level actions, and then passing the hidden states of the LSTM

layer to the second stage for group activity recognition, as discussed in the next section.

3.4.2 Hierarchical Model for Group Activity Recognition

At each time step, the memory content of the first LSTM layer contains discriminative information
describing the subject’s action and past changes in their action. If the memory content is gathered
over all the individuals in the scene to describe the whole scene’s group activity.

Further, we observe that the image-based features extracted from the spatial domain around a

person carry a discriminative signal for the current activity. Therefore, a deep CNN model is used

*More precisely, a fully connected layer fed to softmax loss layer.
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to extract complex features for each person and the temporal features captured by the first LSTM
layer.

The concatenation of the CNN features and the LSTM layer represent temporal features for
a person. Various pooling strategies are used to aggregate these features over all people in the
scene at each time step. The output of the pooling layer forms our representation for the group
activity. The second LSTM network, working on top of the temporal representation, is used to
model the temporal dynamics of group activity directly. The LSTM layer of the second network
is connected to a classification layer to recognize group activity classes in a video.

Mathematically, the pooling layer can be expressed as the following:

Py, = x4, @ hyy, 3.7)
Z; =Py Py ..o Py (3.8)

In this equation, hy corresponds to the first stage LSTM output, and x4 corresponds to the
AlexNet fc7 feature, both obtained for the k™ person at time t. We concatenate these two fea-
tures (represented by @) to obtain the temporal feature representation Py, for k™ person. We then
construct the frame-level feature representation Z; at time t by applying a max-pooling operation
(represented by ©) over the features of all the people. Finally, we feed the frame-level representation
to our second LSTM stage that operates similar to the person level LSTMs that we described in the
previous subsection and learn the group-level dynamics. Z;, passed through a fully connected layer,
is given to the second-stage LSTM layer’s input. The hidden state of the LSTM layer represented
by h{"*? carries temporal information for the whole group dynamics. h{ *“" is fed to a softmax

classification layer to predict group activities.

3.4.3 Handling sub-groups

In team sports, there might be several sub-groups of players with common responsibilities within
a team. For example, the front players of a volleyball team are responsible for blocking the ball.
Max-pooling all players’ representation in one representation reduces the model capabilities (e.g.
causes confusion between the left and right team activities). To consider that, we propose a modified
model where we split the players to several sub-groups and recognize the team activity based on the
concatenation of each subgroup’s representation. In our experiments, we consider a set of different
possible spatial sub-groupings of players (c.f. standard spatial pyramids [83]). Figure 3.3 illustrates

this variant of the model, showing splitting into two team-based groups. Mathematically, the pooling
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layer can be re-expressed as the following:

P, = x © hag (3.9)
Sy =(m—1)%k/d+1 (3.10)
En=mxk/d (3.11)
Gim = Pism © Py(sm41) - © Prim (3.12)
Zi =Gy ® G ... ® Gy (3.13)

where again, ¢ indexes time, k indexes players, hy; corresponds to first stage LSTM output, x4 to
fc7 features, and Py, is the spatio-temporal feature representation for the player. Assume that the K
players are ordered in a list (e.g. based on the top-left point of a bounding box), d is the number of
sub-groups and m indexes the groups. S, and E,,, are the start and end positions of the m-th group
players. Gy, is the m-th group representation: a max-pooling on all group players’ representation
in this group. Z; is the frame-level feature representation constructed by the concatenation operator

(represented by &) of the d sub-groups.

3.4.4 Implementation Details

We trained our model in two steps. In the first step, the person-level CNN and the first LSTM layer
are trained in an end-to-end fashion using a set of training data consisting of person tracks annotated
with action labels. This network is shared among all people in the scene. We implement our model
using Caffe [60]. Similar to other approaches [32, 30, 156], we initialize our CNN model with the
pre-trained AlexNet network, and we fine-tune the whole network for the first LSTM layer.

After training the first LSTM layer, we concatenate the fc7 layer of AlexNet and the LSTM
layer for every person and pool over all people in a scene. The pooled features, which correspond
to frame-level features, are fed to the second LSTM network.

For training all our models, we follow the same training protocol. We use a fixed learning rate
of 0.00001, a momentum of 0.9, batch size 250 and a Tesla K40C GPU (12 GB RAM) for the
computations. In testing, only one network is loaded and used by the N players. Time complexity
is linear in the number of people N and the target number of time steps. For tracking subjects in
a scene, we used the tracker by Danelljan et al. [25], implemented in the DIlib library [69]. The

baseline models are structured and trained in a similar manner to our two-stage model.

3.5 Experiments

In this section, we evaluate our model by running ablation studies using several baselines and com-
paring them to previously published works on the Collective Activity Dataset [18]. First, we de-
scribe our baseline models for ablation studies. Then, we present our results on the Collective

Activity Dataset, followed by experiments on the Volleyball Dataset.
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Figure 3.3: Illustration of 2-group pooling to capture spatial arrangements of players.
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3.5.1 Baselines

The following baselines are considered in all our experiments in order to assess the contributions of

components of our proposed model.

B1)

B2)

B3)

B4)

BS)

B6)

B7)

Bg)

Image Classification: This baseline is the basic AlexNet model fine-tuned for group activity

recognition in a single frame.

Person Classification: In this baseline, the AlexNet CNN model is deployed on each person,
fc7 features are pooled over all people, and are input to a softmax classifier to recognize group

activities in every frame.

Fine-tuned Person Classification: This baseline is similar to the previous baseline with one
distinction. The AlexNet model on each player is finetuned to recognize person-level actions.
Then, fc7 features are pooled over all individuals and are input to a softmax classifier to
recognize group activities at every frame. The rationale behind this baseline is to examine a
scenario where person-level action annotations and group activity annotations are used in a
deep learning model that does not model the temporal aspect of group activities. This baseline

is very similar to our two-stage model but without the temporal modelling.

Temporal Model with Image Features: This baseline is a temporal extension of the first
baseline. It examines the idea of feeding image-level features directly to a LSTM model to
recognize group activities. In this baseline, the AlexNet model is used on the whole image,
and the resulting fc7 features are input to the LSTM model. This baseline is a reimplementa-
tion of Donahue et al. [32].

Temporal Model with Person Features: This baseline is a temporal extension of the second
baseline: fc7 features pooled over all people are fed to a LSTM model to recognize group

activities.

Two-stage Model without LSTM 1: This baseline is a variant of our model, omitting the
person-level temporal model (LSTM 1). Instead, the person-level classification is done only
with the finetuned person CNN.

Two-stage Model without LSTM 2: This baseline is a variant of our model, omitting the
group-level temporal model (LSTM 2). In other words, we do the final classification based
on the outputs of the temporal models for individual action labels, but without an additional
group-level LSTM.

Simple Temporal Model: This baseline is based on a simple temporal model to evaluate the
need for the LSTM as a non-trivial temporal model. AlexNet is changed to include an extra
layer after fc7 of 256 nodes. The network then is fine tuned to represent person actions. Then,

the 256 features are max-pooled over all people in a single frame. Finally, the features of T’
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frames are concatenated and fed to a softmax classifier to recognize group activities in this

temporal clip.

3.5.2 Experiments on the Collective Activity Dataset

The Collective Activity Dataset [18] has been widely used for evaluating group activity recognition
approaches in the computer vision literature [4, 30, 3]. This dataset consists of 44 videos, eight
person-level pose labels (not used in this chapter), five person-level action labels, and five group-
level activities. A scene is assigned a group activity label based on the majority of what people are
doing. Data-split strategies are different between different papers (e.g. 1/4 data for testing in [4] vs
1/3 data in [30, 47]). We followed the division by [30, 47] and compare against the best performance
among these. In this section, we present our results on this dataset.

Model details: In the Collective Activity Dataset, nine timesteps and 3000 hidden nodes are
used for the first LSTM layer, and a softmax layer is used for the classification layer in this stage.
The classification performance on the test set of this first, person action classification stage of our
model is 65%. The second network consists of a 3000-node fully connected layer followed by a 9-
timestep 500-node LSTM layer, which is input to a softmax layer trained to recognize group activity
labels.

Method Accuracy
B1-Image Classification 63.0
B2-Person Classification 61.8
B3-Fine-tuned Person Classification 66.3

B4-Temporal Model with Image Features 64.2
B5-Temporal Model with Person Features 64.0

B6-Two-stage Model without LSTM 1 70.1
B7-Two-stage Model without LSTM 2 76.8
B8-Simple Temporal Model 77.7
Two-stage Hierarchical Model 81.5

Table 3.1: Comparison of our method with baseline methods on the Collective Activity Dataset.

Method Accuracy
Contextual Model [81] 79.1
Deep Structured Model [30] 80.6
Our Two-stage Hierarchical Model 81.5
Cardinality kernel [47] 83.4

Table 3.2: Comparison of our method with previously published works on the Collective Activity
Dataset.
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Ablation studies: In Table 3.1, the classification results of our overall proposed architecture
is compared with the baselines. As shown in the table, our two-stage LSTM model significantly
outperforms the baseline models. A comparison is made between temporal and frame-based coun-
terparts, including B1 vs. B4, B2 vs. B5 and B3 vs. our two-stage model. We observe that adding
temporal information using LSTMs improves the performance of these baselines.

Comparison to other methods: Table 3.2 compares our method with state-of-the-art methods
for group activity recognition. Fig. 3.4 provides visualizations of example results. The performance
of our two-stage model is comparable to the state-of-the-art methods. Note that only Deng et al. [30]
is a previously published deep learning model. In contrast, the cardinality kernel approach [47]
outperformed our model. It should be noted that this approach works on handcrafted features fed
to a model highly optimized for a cardinality problem (i.e. counting the number of actions in the

scene), which is exactly the way group activities are defined in this dataset.

Discussion

The confusion matrix obtained for the Collective Activity Dataset using our two-stage model is
shown in Figure 3.7. We observe that the model performs almost perfectly for the talking and
queuing classes, and gets confused between crossing, waiting, and walking. Such behaviour is
perhaps due to a lack of consideration of spatial relations between people in the group, which is
shown to boost previous group activity recognition methods: for instance, crossing involves the
walking action, but is restricted in a path which people perform in an orderly fashion. Therefore,
our model designed only to learn the dynamic properties of group activities gets confused with the
walking action.

In summary, our two-stage model obtains better performance compared to the baselines. The
temporal information improves performance. Further, finding and describing the elements of a video

(i.e. persons) provides benefits over utilizing frame level features.

3.5.3 Experiments on the Volleyball Dataset

To evaluate the performance of our model for team activity recognition on sport footage, we col-
lected a new dataset using publicly available YouTube volleyball videos. We annotated 4830 frames
handpicked from 55 videos with nine player action labels and eight team activity labels. We used
frames from 2/3" of the videos for training, and the remaining 1/3"% for testing. The list of action
and activity labels and related statistics are tabulated in Tables 3.3 and 3.4.

From the tables, we observe that the group activity labels are relatively more balanced compared
to the player action labels. This observation follows from the fact that we often have people present
in static actions like standing compared to dynamic actions (setting, spiking, to name a few). There-

fore, our dataset presents a challenging team activity recognition task, where we have interesting
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actions that can directly determine the group activity that rarely occurs in our dataset. The dataset
is publicly available to facilitate future comparisons>.

Model details: The model hyperparameters for the Volleyball Dataset include 5 timesteps and
3000 hidden nodes for the first LSTM layer. The classification performance of this first, person
action classification stage of our model is 74.4%. The second network uses 10 timesteps and 2000
hidden nodes for the second LSTM layer.

We further experiment with a set of different player sub-grouping approaches for pooling. To
find the sub-groups, we follow a simple strategy. First, we order players based on their top-left
bounding box coordinates. To split players into two groups (e.g. left/right teams), we consider the
first half of players as group one. Similarly, to split into four groups, we consider the first quarter of
players as group one, the second quarter as group two, etc. If players cannot be partitioned evenly

(for instance, there are missing players), the last sub-groups will have fewer players.

’ Group Activity Class | # Instances

Right set 644
Right spike 623
Right pass 801
Right winpoint 295
Left winpoint 367
Left pass 826
Left spike 642
Left set 633

Table 3.3: Statistics of the group activity labels in the Volleyball Dataset.

*https://github.com/mostafa-saad/deep-activity-rec

Action Class | # Instances

Waiting 3601
Setting 1332
Digging 2333
Falling 1241
Spiking 1216
Blocking 2458
Jumping 341

Moving 5121
Standing 38696

Table 3.4: Statistics of the action labels in the Volleyball Dataset.
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Ablation studies: In Table 3.5, the classification performance of our main proposed model is
compared against the baselines. Similar to the performance in the Collective Activity Dataset, our
two-stage LSTM model outperforms the baseline models.

Moreover, explicitly modelling people is necessary for obtaining better performance in this
dataset, since the background is rapidly changing due to a fast-moving camera, and therefore, it
corrupts the foreground’s temporal dynamics. This could be verified from the performance of our
baseline model B4, which is a temporal model that does not consider people explicitly, showing
inferior performance compared to the baseline B1, which is a non-temporal image classification
style model. On the other hand, baseline model B5, which is a temporal model that explicitly
considers people, performs comparably to the image classification baseline, despite the problems

that arise due to tracking and motion artifacts.

Method Accuracy
B1-Image Classification 66.7
B2-Person Classification 64.6
B3-Fine-tuned Person Classification 68.1

B4-Temporal Model with Image Features 63.1
B5-Temporal Model with Person Features 67.6

B6-Two-stage Model without LSTM 1 74.7
B7-Two-stage Model without LSTM 2 80.2
B8-Simple Temporal Model 78.1
Our Two-stage Hierarchical Model 81.9

Table 3.5: Comparison of the team activity recognition performance of baselines against our model
evaluated on the Volleyball Dataset. Experiments are using 2 group styles with max pool strategy.

In both the datasets, an observation from the tables is that while both LSTMs contribute to
overall classification performance, having the first layer LSTM (B7 baseline) is relatively more
critical to the performance of the system, compared to the second layer LSTM (B6 baseline).

To further investigate players sub-grouping, in Table 3.6, we run experiments over 4 sub-
groups: left-team-back players, left-team-front players, right-team-back players and front-team-
bottom players. We also show max-pooling results versus the avg pooling operator.

The results demonstrate that brute force sub-grouping does not improve the performance of
the system. It shows that extracting additional information by segregating players based on their
position renders information from static/insignificant players results in more confusion, leading
to degradation in performance. Therefore, from this experiment, it is evident that not all types
of explicit spatio-temporal relation modelling lead to an improvement in performance. One might
expect the average pooling to perform better than the max-pooling operator in the sense that average
pooling is utilizing all players while max pooling is only picking the one with the highest values.
One interpretation might be that a few players might be the key actors in a scene, and the max-

pooling identifies them. Similar observations are contained in contemporary work by Ramanathan
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et al. [111], which used average weighting (an attention-based model) for player representation to

detect the key players in basketball games.

Method ‘ Accuracy ‘

Our Model - 1 group - max pool 70.3
Our Model - 1 group - avg pool 68.5
Our Model - 2 groups - max pool 81.9
Our Model - 2 groups - avg pool 80.7
Our Model - 4 groups - max pool 81.5
Our Model - 4 groups - avg pool 79.6

Table 3.6: Comparison of the team activity recognition of our model using 2 sub-groups vs. 4 sub-
groups with both average and max pooling.

To evaluate the effect of the number of LSTM nodes of the model’s two networks, we con-
ducted a set of experiments outlined in Table 3.7. Similarly, we evaluate the effect of the number of

timesteps of the model’s two networks. The results are outlined in Table 3.8.

Method No. Person No. Scene Accuracy
LSTM Nodes | LSTM Nodes

Our Model 1000 1000 79.4

Our Model 2000 1000 80.3

Our Model 3000 1000 81.2

Our Model 3000 2000 81.9

Our Model 3000 3000 81.2

Table 3.7: Comparison of the team activity recognition of our model using 2 groups style over
different numbers of LSTM nodes in the second, group-level LSTM layer.

Method No. Person | No. Scene | Accuracy
timesteps | timesteps

Our Model 5 10 81.9

Our Model 5 20 81.7

Our Model 10 10 81.7

Our Model 10 20 81.3

Table 3.8: Comparison of the team activity recognition of our model using 2 groups style over
different number of timesteps in the model 2 networks

Comparison to other methods: In Table 3.9, we compare our model to the improved dense
trajectory approach [160]. Dense trajectories are a hand-crafted approach that competes strongly
versus deep learning features. In addition, we also created two variations of [160], where the con-

sidered trajectories are only the ones inside the players’ bounding boxes, in other words, ignoring
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background trajectories. The variations emulate our model with one group and two groups style.
That is, the first variation represents the players from the whole team, while the second represents

each team and then concatenates the two representations to get the whole scene representation.

’ Method Accuracy
Our Model using 2 groups style 81.9
IDTF [160] - all trajectories 73.4

IDTF [160] - 1 group-box trajectories 71.7
IDTF [160] - 2 groups-box trajectories 78.7

Table 3.9: Comparison of the team activity recognition of our model against improved dense trajec-
tory approach approach.

The traditional dense trajectories approach and its one group style show similar but relatively
low performance, whereas the 2-group trajectories variation yield higher performance. Perhaps, this
is due to the reduction of confusion between the left and the right team distinction. However, our

model outperforms these dense trajectory-based baseline methods.

Discussion

Figure 3.8 shows the confusion matrix obtained for the Volleyball Dataset using our two-stage
model by grouping all players (no sub-groups) in one representation using max-pooling operation,
similar to [57]. From the confusion matrix, we observe that our model generates accurate high-level
action labels. Nevertheless, our model has some confusion between leff winpoint and right winpoint
activities. Contrary to [57], the confusion between set and pass activities is resolved, probably due
to using more data.

Figures 3.9 shows the confusion matrix obtained for the Volleyball Dataset using our two-stage
model, but by sub-grouping left team and right team first. From the confusion matrix, we observe
that our model generates more accurate high level action labels than using no groups. In addition,
the confusion between left winpoint and right winpoint activities is reduced.

In Figure 3.10, we show the visualizations of our detected activities with different failure and

success scenarios.

3.6 Conclusion

In this chapter, we presented a novel deep structured architecture to deal with the group activity
recognition problem. Through a two-stage process, we learn a temporal representation of person-
level actions and combine individual people’s representation to recognize group activity. We created
anew Volleyball Dataset to train and test our model. We also evaluated our model on the Collective
Activity Dataset. Results show that our architecture can improve upon baseline methods lacking

hierarchical consideration of individual and group activities using deep learning.
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The model could be trained with much less training data without significant loss in performance.
For example, if training annotations for the person level are not available, we can use a pre-trained
network for representing people. However, we would expect the model’s performance to degrade.
Further, at testing time, one can learn an object detector from training data (e.g. Faster-RCNN) and
use in testing. Overall, the model itself is flexible and can be adjusted to scenarios with varying data

availability.
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Figure 3.4: Visualizations of the generated scene labels from the Collective Activity Dataset using
our model. Green denotes correct classifications, red denotes incorrect. The incorrect ones corre-

spond to the confusion between different actions in ambiguous cases (h and j examples), or in the
cases where there is an anomalous camera zoom.
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Figure 3.5: Visualization of the generated labels by different baselines/models for a sample video
extracted from the Volleyball Dataset. In this figure, yellow, red, blue and green colors denote the
right spike, left pass, left spike, and left set group activities respectively.
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Figure 3.6: Visualization of the generated labels by different baselines/models for another sample
video extracted from the Volleyball Dataset. In this figure, red, blue colors denote the right spike
and right set group activities respectively.
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Figure 3.7: Confusion matrix for the Collective Activity Dataset obtained using our two-stage
model.
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Ipass 10.18 2.65 1.77 5.75 0.44 0.00

rpass | 18.10 8.52 4.29 1.43 1.90 0.00

Iset| 11.80 1.19 3.57 1.79 0.00 0.00

rset | 6.77 1827 5.21 0.52
Ispike [ 3.91 1.68 3.91 0.00
rspike | 3.47 1.16 0.58 0.00

lwin | 0.98 1.96 0.98 0.00

rwin | 1.15 1.15 0.00 0.00 1.15 0.00

Ipass  rpass Iset rset Ispike rspike lwin rwin

Figure 3.8: Confusion matrix for the Volleyball Dataset obtained using our two-stage hierarchical
model, using 1 group style for all players.
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Figure 3.9: Confusion matrix for the Volleyball Dataset obtained using our two-stage hierarchical
model, using 2 groups style.
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Figure 3.10: Visualizations of the generated scene labels from the Volleyball Dataset using our
model. Green denotes correct classifications, red denotes incorrect. The incorrect ones correspond
to the confusion between different actions in ambiguous cases (h and j examples), or in the left and
right distinction (i example).
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Chapter 4

Deep Structured Models For Group
Activity Recognition

4.1 Abstract

This chapter presents a deep neural-network-based hierarchical graphical model for individual and
group activity recognition in surveillance scenes. Deep networks are used to recognize the actions of
individual people in a scene. Next, a neural-network-based hierarchical graphical model refines the
predicted labels for each class by considering dependencies between the classes. This refinement
step mimics a message-passing step similar to inference in a probabilistic graphical model. We
show that this approach can be effective in group activity recognition, with the deep graphical model

improving recognition rates over baseline methods.

4.2 Introduction

Event understanding in videos is a key element of computer vision systems in the context of vi-
sual surveillance, human-computer interaction, sports interpretation, and video search and retrieval.
Therefore events, activities, and interactions must be represented in such a way that retains all of the
important visual information in a compact and rich structure. Accurate detection and recognition
of atomic actions of each individual person in a video is the primary component of such a system,
and also the most important, as it affects the performance of the whole system significantly. Al-
though there are many methods to determine human actions in uncontrolled environments, this task
remains a challenging computer vision problem, and robust solutions would open up many useful
applications. The standard and yet state-of-the-art pipeline for activity recognition and interaction
description consists of extracting hand-crafted local feature descriptors either densely or at a sparse
set of interest points (e.g., HOG, MBH, ...) in the context of a Bag of Words model [160]. These are
then used as the input either to a discriminative or a generative model. In recent years, it has been
shown that deep learning techniques can achieve state-of-the-art results for a variety of computer

vision tasks including action recognition [135, 67].
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Figure 4.1: Recognizing individual and group activities in a deep network. Individual action labels
are predicted via CNNs. Next, these are refined through a message passing neural network which
considers the dependencies between the predicted labels.

On the other hand, understanding complex visual events in a scene requires exploitation of
richer information rather than individual atomic activities, such as recognizing local pairwise and
global relationships in a social context and interaction between individuals and/or objects [12, 79,
112, 124, 194]. This complex scene description remains an open and challenging task. It shares
all of the difficulties of action recognition, interaction modeling, and social event description. For-
mulating this problem within the probabilistic graphical models framework provides a natural and
powerful means to incorporate the hierarchical structure of group activities and interactions [80, 79].
Given that deep neural networks can achieve very competitive results on the single person activity
recognition tasks, they can produce better results when they are combined with other methods, e.g.
graphical models, to capture the dependencies between the variables of interest [146]. Following a
similar idea of incorporating spatial dependency between variables into the deep neural network in
a joint-training process presented [146], here we focus on learning interactions and group activities
in a surveillance scene by employing a graphical model in a deep neural network paradigm.

In this chapter, our primary goal is to address the problem of group activity understanding
and scene classification in complex surveillance videos using a deep learning framework. More
specifically, we focus on learning individual activities and describing the scene simultaneously while
considering the pair-wise interactions between individuals and their global relationship in the scene.
This is achieved by combining a Convolutional Network (ConvNet) with a probabilistic graphical
model as additional layers in a deep neural network architecture into a unified learning framework.

The probabilistic graphical models can be seen as a refining process for predicting class labels
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by considering dependencies between individual actions, body poses, and group activities. The
probabilistic graphical model is modelled by a multi-step message passing neural network, and the
predicted label refinement is carried out through belief propagation layers in the neural network.
Figure 4.1 depicts an overview of our approach for label refinement. Experimental results show the

effectiveness of our algorithm in both activity recognition and scene classification.

4.3 Related Work

The analysis of human activities is an active area of research. Decades of research on this topic
have produced a diverse set of approaches and a rich collection of activity recognition algorithms.
Readers can refer to recent surveys such as Poppe et al. [108] and Weinland et al. [165] for a review.
Many approaches concentrate on an activity performed by a single person, including state of the art
deep learning approaches [67, 135].

In the context of scene classification and group activity understanding, many approaches use
a hierarchical representation of activities and interactions for collective activity recognition [79].
They have been focused on capturing spatio-temporal relationships between visual cues either by
imposing a richer feature descriptor which accounts for context [18, 149] or a context-aware infer-
ence mechanism [4, 17]. Hierarchical graphical models [4, 79, 81, 124], AND-OR graphs [3, 46],
and dynamic Bayesian networks [194] are among the representative approaches for group activity
recognition.

In traditional approaches, local-hand crafted features/descriptors have been employed to rec-
ognize atomic activities. Recently, it has been shown that the use of deep neural networks can
by itself outperform other algorithms for atomic activity recognition. However, no prior art in the
CNN-based video description used activities and scene information jointly in a unified graphical
representation for scene classification. Therefore, the main objective of this research is to develop
a system for activity recognition and scene classification which simultaneously uses the action and
scene labels in a neural network-based graphical model to refine the predicted labels via a multiple-
step message passing.

More closely related to our approach is work combining graphical models with convolutional
neural networks [27, 146]. In Tompson et al. [146], a one-step message passing is implemented as a
convolution operation in order to incorporate spatial relationship between local detection responses
for human body pose estimation. In another study, Deng et al. [27] propose an interesting solution to
improve label prediction in large scale classification by considering relations between the predicted
class labels. They employ a probabilistic graphical model with hard constraints on the labels on top
of a neural network in a joint training process. In essence, our proposed algorithm follows a similar
idea of considering dependencies between predicted labels for the actions, group activities, and the
scene label to solve the group activity recognition problem. Here we focus on incorporating those

dependencies by implementing the label refinement process via an inter-activity neural network, as
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shown in Figure 4.2. The network learns the message passing procedure and performs inference

and learning in a unified framework using back-propagation.

4.4 Model

Considering the architecture of our proposed structured label refinement algorithm for group activity
understanding (see Figure 4.2), the key part of the algorithm is a multi-step message passing neural
network. In this section, we describe how to combine neural networks and graphical models by

mimicking a message passing algorithm and how to carry out the training procedure.

4.4.1 Graphical Models in a Neural Network

Graphical models provide a natural way to hierarchically model group activities and capture the
semantic dependencies between group and individual activities [80]. A graphical model defines a
joint distribution over states of a set of nodes. For instance, one can use a factor graph, in which
each ¢; corresponds to a factor over a set of related variable nodes x; and y;, and models interactions

between these nodes in a log-linear fashion:
P(X,Y) o< [ ¢il@i,yi) o exp(d> | wy fi(z,y)) 4.1
i k

where X are the inputs and Y the predicted labels, with weighted (wy,) feature functions f.

When performing inference in a graphical model, belief propagation is often adopted as a way
to infer states or probabilities of variables. In the belief propagation algorithm, each step of message
passing first collects relevant information from connected nodes to a factor node, which represents
the joint distribution (dependencies) over states, then passes these messages to variable nodes by
marginalizing over states of irrelevant variables.

Following this idea, we mimic the message passing process by representing each combination
of states as a neuron in a neural network, denoted as a “factor neuron". While normal message pass-
ing calculates dependencies rigidly, a factor neuron can be used to learn and predict dependencies
between states and pass messages to variable nodes. In the setting of neural networks, this depen-
dency representation becomes more flexible and can adopt varied types of neurons (linear, ReL.U,
Sigmoid, to name a few). Moreover, by integrating graphical models into a neural network, the for-
mulation of a graphical model allows for parameter sharing in the neural network, which not only
reduces the number of free parameters to learn but also accounts for semantic similarities between

factor neurons. Fig. 4.3 shows the parameter sharing scheme for different factor neurons.

4.4.2 Message Passing CNN Architecture for Group Activity

Representing group activities and individual activities as a hierarchical graphical model is shown
to be successful [3, 17, 80]. We adopt a similar structured model that considers group activity,

individual activity, and group-individual interactions together. We introduce a new message passing
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Figure 4.2: A schematic overview of our message passing CNN framework. Given an image frame
and the detected bounding boxes around each person, our model predicts scores for individual ac-
tions and the group activities. The predicted labels are refined by applying a belief propagation-like
neural network. This network considers the dependencies between individual actions and body
poses, and the group activity. The model learns the message passing parameters and performs in-
ference and learning in unified framework using backpropagation.
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Figure 4.3: Weight sharing scheme in neural network. We use a sparsely connected layer to rep-
resent message passing between variable nodes and factor nodes. Each factor node only connects
to its relevant nodes. And factor nodes of same type share a template of parameters. For example,
factor node 1 and 2 gathers information from a scene’s scenel, a person’s actionl and posel, and
share one template of parameters. And factor node 3 adopts another set of weights.
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Convolutional Neural Network framework as shown in Fig. 4.2. Our model has two main stages:
(1) fine-tuned Convolutional Neural Networks that produce scene scores for a frame, and action and
pose scores for each person in that frame; (2) Message Passing Neural Network phase capturing
dependencies.

Given an image I and a set of person detections [y, I2, ..., I/, the first stage of our model
outputs raw scores of scene, action and poses for image I and all detections /; in the image using
fine-tuned CNNs. After a softmax normalization for each scene and person, these raw scores are
taken as input of the graphical model part in the second stage. In the graphical model, outputs from
CNNs correspond to unary potentials. Denote the scenelevel, and per-person action and pose-level
unary potentials for frame I as s(9(I),a%(I,,), ) (I,,) respectively. The superscript (0) is the
index of message passing steps. We use G to denote all group activity labels, H to represent all
the action labels and Z to denote all the pose labels. Then the group activity in one scene can be
represented as g7, {hr,, h1y, ..., h1y Yol 210, 210, -y 215, } Where g7 € G is the group activity label
for image I, hy, and 2y, are action labels and pose labels for a person I,,.

Note that for training, the scene, action, and pose CNN models in stage 1 are fine-tuned from
an AlexNet architecture pretrained using ImageNet data. The architecture is similar to that pro-
posed by [74] for object classification with some minor differences such as pooling is done before
normalization. The network consists of five convolutional layers followed by two fully connected
layers, and a softmax layer that outputs individual class scores. We use the softmax loss, stochastic
gradient descent and dropout regularization to train these three ConvNets.

In the second stage, we use the method mentioned in Sec. 4.4.1 to mimic message passing in
a hierarchical graphical model for group activity in a scene. This stage can contain several steps
of message passing. In each step, there are two types of passes: from outputs of step k — 1 to
factor layer and from factor layer to k step outputs. In the k' message passing step, the first
pass computes dependencies between states. . The inputs to the k' step message passing are
(80, sl (0,0l V(W) aly Y (@), 0 (), {3 Y (D) ), where sV (1) is
the scene score of image I for label g, a(kfl)(lm) is the action score of person I,,, for label h and
rgk_l) (I,,) is the pose score of person I, for label z. In the factor layer, the action, pose and scene

interaction are calculated as:

5 (9 (D), 0l (1), 1D (1) = g[8 (I), a0l D (L) rED (L)) @2)

z z

where ay 1, . is a 3-d parameter template for combination of scene g, action / and pose z. Similarly,

pose interactions for all people in the scene are calculated as:

by (s§I(I), 1) = Byg s (1), x]T 4.3)

where r is all output nodes for all people, ¢ is the factor neuron index for scene g. 7' latent factor

neurons are used for a scene g. Note that parameters « and 5 are shared within factors that have the
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same semantic meaning. For the output of k* step message passing, the score for the scene label to

be g can be defined as:

s$UD) = sg D) + 3 wids (s V(D) ama) + 3 widi(sf V) 68) (44)
jees Jjees
where €7 and €5 are the set of factor nodes that connected with scene ¢ in first factor component(scene-
action-pose factor) and second factor component (pose-global factor) respectively. Similarly, we

also define action and pose scores after the k' message passing step as:

o (1) = al V(L) + 37 wijoi(al (L), 5,15.0) 4.5)
JjEes
r® (L) = rE V(L) + 3 wigds (rF D (L), as00) + 3wty (rE D (L), 15.8) (4.6)
FISE JEe,

Note that € = {e7, €5, €], €], €, } are connection configurations in the pass from factor neurons to
output neurons. These connections are simply the reverse of the configurations in the first pass, from
input to factors. The model parameters {W, o, 5} are weights on the edges of the neural network.
Parameter T represents the concatenation of weights connected from factor layers to output layer
(second pass), while o, 3 represent weights from the input layer of the k' message passing to factor

layers (first pass).

Components in Factor Layers

Now we explain in detail the different components in our model.

Unary component: In our message passing model, the unary component corresponds to group
activity scores for an image I, action and pose scores for each person I,,, in frame I, represented
as sgkfl) (1), a,(f*l) (I,) and D (I,,) respectively. These scores are acquired from the previous
step of message passing and are directly added to the next message passing step’s output.

Group activity-action-pose factor layer ¢: A group’s activity is strongly correlated to the par-
ticipating individuals’ actions. This component for the model is used to measure the compatibility
between individuals and groups. An individual’s activity can be described by both pose and action,
and we use this ternary scene-pose-action factor layer to capture dependencies between a person’s
fine-grained action (e.g. talking facing front-left) and the scene label for a group of people. Note
that in this factor layer we used the weight sharing scheme mentioned in Sec. 4.4.1 to mimic the
belief propagation.

Poses-all factor layer ): Pose information is very important in understanding a group activity.
For example, when all people are looking in the same direction, there is a high probability that
it’s a queueing scene. This component captures this global pose information for a scene. Instead

of naively enumerating all combinations of poses for all individuals, we exploit the sparsity of
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beneficial and frequent patterns, and use 7' factor nodes for one scene label. In our experiments, we
set 1" to be 10.

4.4.3 Multi Step Message Passing CNN Training

The steps of message passing depend on the structure of the graphical model. In general, graphical
models with loops or a large number of levels will lead to more steps belief propagation for sharing
local information globally. In our model, we adopt two message passing steps, as shown in Fig. 4.2.

Multi-loss training: Since our model’s goal is to recognize group activities through global
features and individual actions in that group, we adopt an alternative strategy for training the model.
For the k' message passing step, we first remove the loss layers for actions and poses to learn
parameters for group activity classification alone. In this phase, there is no back-propagation on
action and pose classification. Since group activity heavily depends on an individual’s activity, we
then fix the softmax loss layer for scene classification and learn the model for actions and poses.
The trained model is used for the next message passing step. Note that in each message passing
step, we exploit the benefit of the neural network structure and jointly trained the whole network.

Learning semantic features for group activity: Traditional convolutional neural networks
mainly focus on learning features for basic classification or localization tasks. However, in our
proposed message passing CNN deep model, we not only learn features but also learn high-level
semantic features for better representing group activities and interactions within the group. We
explore different layers’ features for this deep model, and results show that these semantic features
can be used for better scene understanding and classification.

Implementation details: Firstly, in practice, it is not guaranteed that every frame has the same
number of detections. However, the structure of neural network should be fixed. To solve this
problem, denoting M, as the maximum number of people contained in one frame, we do dummy-
image padding when the number of people is less than M,,,,,.. Then we filter out these dummy data
by de-activating neurons connected with them in related layers. Secondly, After the first message
passing step, instead of directly feeding the raw scores into the next message passing step, we first
normalize the pose and action scores for each person and scene scores for one frame by a softmax

layer, converting to probabilities similar to belief propagation.

4.5 Experiments

Our models are implemented using the Caffe library [60] by defining two types of sparsely con-
nected and weight shared inner product layers. One is from variable nodes to factor nodes, another
is the reverse direction. We used TanH neurons as the non-linearity of these two layers. To examine
the performance of our model, we test our model for scene classification on two datasets: (1) Col-
lective Activity [18], (2) a nursing home dataset consisting of surveillance videos collected from a

nursing home.
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We trained an RBF kernel SVM on features extracted from the graphical model layer after each
step of message passing model. These SVMs are used to predict scene labels for each frame, the
standard task in these datasets. We compare our model which performs two steps of message passing
refinement to baseline which does a single step message passing. We note here that the performance
after two steps saturated, perhaps because the interactions in our tasks can be sufficiently captured

in two steps of refinement.

4.5.1 Collective Activity Dataset

The Collective Activity Dataset contains 44 video clips acquired using low resolution handheld
cameras. Every person is assigned one of the following five action labels: crossing, waiting, queu-
ing, walking and talking and one of the eight pose labels: right, front-right, front, front-left, left,
back-left, back, back-right. Each frame is assigned one of the following five activities: crossing,
waiting, queueing, walking, and talking. The activity category is attained by taking the majority of
actions happening in one frame while ignoring the poses. We adopt the standard training test split
used in [80].

In the Collective Activity dataset experiment, we further concatenate the global features for a
scene with AC descriptors by HOG features [80]. We averaged AC descriptors features for all people
and use this feature to serve as additional global information, as this feature does not truly participate
in the message passing process. This additional global information assists in classification with the
limited amount of training data available for this dataset'.

We summarize the comparisons of activity classification accuracies of different methods in Ta-
ble 4.1. The current best result using spatial information in graphical model is 79.1%, from Lan
et al. [80], which adopted a latent max-margin method to learn graphical model with optimized
structure. Our classification accuracies (the best is 80.6%) are competitive compared with the state-
of-the-art methods. However, the benefits of the message passing are clear. Through each step
of the message passing, the factor layer effectively captured dependencies between different vari-
ables and passing messages using factor neurons results in a gain in classification accuracy. Some

visualization results are shown in Fig 4.4.

1 Step MP | 2 Step MP || Latent Constituent [6] | 75.1%
Pure DL 73.6% 78.4% Contextual model [80] | 79.1%
SVM+DL Feature 75.1% 80.6% Our Best Result 80.6%

Table 4.1: Scene classification accuracy on the Collective Activity Dataset.

!Scene classification accuracy solely using AlexNet is 48%.
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4.5.2 Nursing Home Dataset

This dataset consists of 80 videos obtained in a nursing home, which has different kinds of rooms
such as dining rooms, corridors, to name a few. The 80 surveillance videos are recorded at 640 by
480 pixels at 24 frames per second, and contain diverse actions and frequent cluttered scenes. This
dataset contains typical actions include walking, standing, sitting, bending, squatting, and falling.
For this dataset, the goal is to detect falling people. Therefore, we assign each frame one of two
activity categories: fall and non-fall. A frame is assigned “fall" if any person falls and “non-fall"
otherwise. Note that many frames are challenging, and others may occlude the falling person in
the scene. We adopted a standard 2/3 and 1/3 training test split. In order to remove redundancy,
we sampled 1 out of every 10 frames for training and evaluation. Since this dataset has a large
intra-class diversity within actions, we used the action primitive-based detectors proposed in [78]
for more robust detection results.

Note that since this dataset has no pose attribute, we used one scene-action factor layer to per-
form the two-step message passing. For the SVM classifier, only deep learning features are used. We

summarize the comparisons of activity classification accuracies of different methods in Table 4.2.

Ground Truth | Pure DL | SVM+DL Fea. Detection | Pure DL | SVM+DL Fea.
1 Step MP 82.5% 82.3% 1 Step MP 74.4% 76.5%
2 Steps MP 84.1% 84.7% 2 Steps MP | 75.6% 77.3%

Table 4.2: Scene classification accuracy on the nursing home dataset.

The scene classification accuracy on the Nursing Home dataset by using a baseline AlexNet
model is 69%. The results on scene classification for each step also show gains. Note that in
this dataset, accuracy on the second message passing gains an increase of around 1.5% for both
pure deep learning or SVM prediction. We believe that this is due to the fact that the dataset only
contains two scene labels, fall or non-fall, so scene variables are not as informative as scenes in the

Collective Activity Dataset.

4.6 Conclusion

We presented a deep learning model for group activity recognition, which jointly captures the group
activity, the individual actions, and the interactions between them. We propose a way to com-
bine graphical models with a deep network by mimicking the message passing process to perform
inference. We successfully applied this model to real scene surveillance videos and showed its

effectiveness in recognizing group activities.
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Figure 4.4: Results visualization for our model. Green tags are ground truth, yellow tags are pre-
dicted labels. From left to right is without message passing, first step message passing and second
step message passing
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Chapter 5

Fine-Pruning: Joint Fine-Tuning and
Compression of a Convolutional
Network with Bayesian Optimization

5.1 Abstract

When approaching a novel visual recognition problem in a specialized image domain, a common
strategy is to start with a pre-trained deep neural network and fine-tune it to the specialized domain.
If the target domain covers a smaller visual space than the source domain used for pre-training (e.g.
ImageNet), the fine-tuned network is likely to be over-parameterized. However, applying network
pruning as a post-processing step to reduce the memory requirements has drawbacks: fine-tuning
and pruning are performed independently; pruning parameters are set once and cannot adapt over
time; and the highly parameterized nature of state-of-the-art pruning methods make it prohibitive to
manually search the pruning parameter space for deep networks, leading to coarse approximations.
We propose a principled method for jointly fine-tuning and compressing a pre-trained convolutional
network that overcomes these limitations. Experiments on two specialized image domains (remote

sensing images and describable textures) demonstrate the validity of the proposed approach.

5.2 Introduction

Convolutional neural networks (CNNs) have been widely adopted for visual analysis tasks such
as image classification [74, 134], object detection [93, 115], action recognition [135, 147], place
recognition [7, 189], 3D shape classification [63, 109], image colorization [187], and camera pose
estimation [68]. CNNs learn rich image and video representations that have been shown to general-
ize well across vision tasks.

When faced with a recognition task in a novel domain or application, a common strategy is to
start with a CNN pre-trained on a large dataset, such as ImageNet [122], and fine-tune the network
to the new task (Fig. 5.1a). Fine-tuning involves adapting the structure of the existing network to

enable the new task, while re-using the pre-trained weights for the unmodified layers of the network.
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Figure 5.1: Consider the task of training a deep convolutional neural network on a specialized
image domain (e.g. remote sensing images). (a) The conventional approach starts with a network
pre-trained on a large, generic dataset (e.g. ImageNet) and fine-tunes it to the specialized domain.
(b) Since the specialized domain spans a narrower visual space, the fine-tuned network is likely to
be over-parameterized and can be compressed. A natural way to achieve this is to perform network
pruning after fine-tuning, however this approach has limitations (see discussion in Section 6.2).
(c) Fine-pruning addresses these limitations by jointly fine-tuning and compressing the pre-trained
network in an iterative process. Each iteration consists of network fine-tuning, pruning module
adaptation, and network pruning.

For example, a common and simple form of fine-tuning involves replacing the final fully-connected
layer of the pre-trained CNN, which has an output dimensionality-based on the pre-training dataset
(e.g. 1000 dimensions for ImageNet), with a new fully-connected layer with a dimensionality that
matches the target dataset.

Fine-tuning allows powerful learned representations to be transferred to novel domains. Typ-
ically, we fine-tune complex network architectures that have been pre-trained on large databases
containing millions of images. For example, we may fine-tune AlexNet [74] pre-trained on Ima-
geNet’s 1.2 million images (61 million parameters). In this way, we adapt these complex archi-
tectures to smaller and more specialized domains, such as remote sensing images. However, the
specialized domain may not span the full space of natural images on which the original network
was pre-trained. This suggests that the network architecture may be over-parameterized, and there-

fore inefficient in terms of memory and power consumption, with respect to the more constrained
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novel domain, in which a much more lightweight network would suffice for good performance. In
applications with tight constraints on memory and power, such as mobile devices or robots, a more
lightweight network with comparable classification accuracy may be valuable.

Given a fine-tuned network, a straightforward way to obtain a more lightweight network is to
perform network pruning [45, 48, 140] (Fig. 5.1b). However, this strategy has drawbacks: (1) the
fine-tuning and pruning operations are performed independently; (2) the pruning parameters are set
once and cannot adapt after training has started; and (3) since state-of-the-art pruning methods are
highly parameterized, manually searching for good pruning hyperparameters is often prohibitive for
deep networks, leading to coarse pruning strategies (e.g. pruning convolutional and fully connected
layers separately [45]).

We propose a novel process called fine-pruning (Fig. 5.1c) that addresses these limitations:

1. Fine-pruning obtains a lightweight network specialized to a target domain by jointly fine-
tuning and compressing the pre-trained network. The compatibility between the target do-
main and the pre-training domain is not normally known in advance (e.g. how similar are
remote sensing images to ImageNet?), making it difficult to determine a priori how effec-
tive knowledge transfer will be, how aggressively compression can be applied, and where
compression efforts should be focused. The knowledge transfer and network compression

processes are linked and inform each other in fine-pruning.

2. Fine-pruning applies a principled adaptive network pruning strategy guided by Bayesian op-
timization, which automatically adapts the layer-wise pruning parameters over time as the
network changes. For example, the Bayesian optimization controller might learn and execute
a gradual pruning strategy in which network pruning is performed conservatively and fine-
tuning restores the original accuracy in each iteration; or the controller might learn to prune
aggressively at the outset and reduce the compression in later iterations (e.g. by splicing

connections [45]) to recover accuracy.

3. Bayesian optimization enables efficient exploration of the pruning hyperparameter space, al-

lowing all layers in the network to be considered together when making pruning decisions.

5.3 Related Work

Network pruning. Network pruning refers to the process of reducing the number of weights (con-
nections) in a pre-trained neural network. The motivation behind this process is to make neural
networks more compact and energy efficient for operation on resource constrained devices such
as mobile phones. Network pruning can also improve network generalization by reducing over-
fitting. The earliest methods [49, 85] prune weights based on the second-order derivatives of the
network loss. Data-free parameter pruning [140] provides a data-independent method for discov-
ering and removing entire neurons from the network. Deep compression [48] integrates the com-

plementary techniques of weight pruning, scalar quantization to encode the remaining weights with
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fewer bits, and Huffman coding. Dynamic network surgergy [45] iteratively prunes and splices net-
work weights. The novel splicing operation allows previously pruned weights to be reintroduced.
Weights are pruned or spliced based on thresholding their absolute value. All weights, including
pruned ones, are updated during backpropagation.

Other network compression strategies. Network pruning is one way to approach neural network
compression. Other effective strategies include weight binarization [23, 114], architectural improve-
ments [55], weight quantization [48], sparsity constraints [84, 190], guided knowledge distillation
[52, 121], and replacement of fully connected layers with structured projections [16, 96, 175]. Many
of these network compression methods can train compact neural networks from scratch, or compress
pre-trained networks for testing in the same domain. However, since they assume particular types
of weights, mimic networks trained in the same domain, or modify the network structure, most of
these methods are not easily extended to the task of fine-tuning a pre-trained network to a specialized
domain.

In this chapter, we consider joint fine-tuning and network pruning in the context of transfer-
ring the knowledge of a pre-trained network to a smaller and more specialized visual recognition
task. Previous approaches for compressing pre-trained neural networks aim to produce a compact
network that performs as well as the original network on the dataset on which the network was orig-
inally trained. In contrast, our focus is on the fine-tuning or transfer learning problem of producing
a compact network for a small, specialized target dataset, given a network pre-trained on a large,
generic dataset such as ImageNet. Our approach does not require the source dataset (e.g. ImageNet)

on which the original network was trained.

5.4 Method

Each fine-pruning iteration comprises three steps: fine-tuning, adaptation of the pruning module,
and network pruning (Fig. 5.1c). Fine-pruning can accommodate any parameterized network prun-
ing module. In our experiments, we use the state-of-the-art dynamic network surgery method [45]
for the network pruning module, but fine-pruning does not assume a particular pruning method.
Pruning module adaptation is guided by a Bayesian optimization [39, 136] controller, which en-
ables an efficient search of the joint pruning parameter space, learning from the outcomes of previ-
ous exploration. This controller allows the pruning behaviour to change over time as connections
are removed or formed.
Bayesian optimization is a general framework for solving global minimization problems involv-
ing blackbox objective functions:
min (%), (5.1)

where / is a blackbox objective function that is typically expensive to evaluate, non-convex, may
not be expressed in closed form, and may not be easily differentiable [163]. Eq. 5.1 is minimized by

constructing a probabilistic model for ¢ to determine the most promising candidate x* to evaluate
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Algorithm 1 Fine-Pruning

Require: Pre-trained convolutional network, importance weight A
1: Fine-tune network {> Fig. 5.1a}
2: repeat
3:  repeat {> Bayesian optimization controller}
Select next candidate parameters to evaluate as x* = arg max EI(X)
Evaluate ¢(x*)
Update Gaussian process model using (x*, £(x*))
until converged or maximum iterations of Bayesian optimization reached
Prune network using best x* found
9:  Fine-tune network
10: until converged or maximum iterations of fine-pruning reached

S A A

next. Each iteration of Bayesian optimization involves selecting the most promising candidate x*,
evaluating ¢(x*), and using the data pair (x*, ¢(x*)) to update the probabilistic model for /.

In our case, x is a set of pruning parameters. For example, if the network pruning module
is deep compression [48], x consists of the magnitude thresholds used to remove weights; if the
network pruning module is dynamic network surgery [45], x consists of magnitude thresholds as
well as cooling function hyperparameters that control how often the pruning mask is updated. We
define ¢ by

0(x) =e(x) — X s(x), (5.2)

where &(x) is the top-1 error on the held-out validation set obtained by pruning the network accord-
ing to the parameters x and then fine-tuning; s(x) is the sparsity (proportion of pruned connections)
of the pruned network obtained using the parameters x; and A is an importance weight that bal-
ances accuracy and sparsity, which is set by held-out validation (we set A to maximize the achieved
compression rate while maintaining the held-out validation error within a tolerance percentage, e.g.
2%).

We model the objective function as a Gaussian process [113]. A Gaussian process is an uncount-
able set of random variables, any finite subset of which is jointly Gaussian. Let £ ~ GP(u(-), k(- -)),

where 1(+) is a mean function and k(+, -) is a covariance kernel such that
px) =E[(x)], (5.3)
Given inputs X = {x1, X2, ..., X, } and function evaluations ¢(X) = {{(x1), {(x2), ..., {(xy,)}, the

posterior belief of ¢ at a novel candidate X can be computed in closed form. In particular,

UR) ~ N (%), 3(%)) (5.4)
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where

fi <f<>=u<f<>+k< KKK, X) T (EX) — p(X)), (5.5)
S2%) = k(% %) — k(% X)R(X, X) k(X %).

The implication of the closed form solution is that, given a collection of parameters and the objec-
tive function evaluated at those parameters, we can efficiently predict the posterior at unevaluated
parameters.

To select the most promising candidate to evaluate next, we use the expected improvement cri-
terion. Let x™ denote the best candidate evaluated so far. The expected improvement of a candidate

X is defined as

EI(%) = E [max {0, ((x*) - {(%)}], (5.6)

For a Gaussian process, the expected improvement of a candidate can also be efficiently computed

in closed form. Specifically,

EI(%) = S(%)(Z8(2) + 6(2)) 57
(%) — €(xh)
Sx)

where ® is the standard normal cumulative distribution function and ¢ is the standard normal prob-

7 —

ability density function. For a more detailed discussion on Gaussian processes and Bayesian opti-
mization, we refer the interested reader to [39], [113], and [136]. We use the publicly available code
of [39] and [113] in our implementation.

The complete fine-pruning process is summarized in Algorithm 1.

5.5 Experiments

Datasets. We performed experiments on two specialized image domains:

e Remote sensing images: The UCMerced Land Use Dataset [173] is composed of public do-
main aerial orthoimagery from the United States Geological Survey. The dataset covers 21
land-use classes, such as agricultural, dense residential, golf course, and harbor. Each land-
use class is represented by 100 images. We randomly split the images into 50% for training,
25% for held-out validation, and 25% for testing.

e Describable textures: The Describable Textures Dataset [21] was introduced as part of a
study in estimating human-describable texture attributes from images, which can then be
used to improve tasks such as material recognition and description. The dataset consists

of 5,640 images covering 47 human-describable texture attributes, such as blotchy, cracked,
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(b)

Figure 5.2: Sample images from the two specialized domain datasets used in our experiments: (a)
Remote sensing images from the UCMerced Land Use Dataset [173]; (b) Texture images from the
Describable Textures Dataset [21].

crystalline, fibrous, and pleated. We use the ten provided training, held-out validation, and

testing splits.

Fig. 5.2 shows examples of images from the two datasets.

Baselines. We compare fine-pruning with a fine-tuning only baseline (Fig. 5.1a) as well as in-
dependent fine-tuning followed by pruning (Fig. 5.1b), which for brevity we will refer to as the
independent baseline. All experiments start from an ImageNet-pretrained AlexNet [74]. For a con-
trolled comparison, we run the same state-of-the-art pruning method, dynamic network surgery [45],
in both the independent baseline and fine-pruning. In the original dynamic network surgery paper
[45], the authors prune convolutional and fully connected layers separately due to the prohibitive
complexity of manually searching for layer-wise pruning parameters. To more fairly illustrate the
benefit of fine-pruning, we set layer-wise pruning parameters for dynamic network surgery in the
independent baseline using Bayesian optimization as well.

Implementation details. We set all parameters by held-out validation on the two datasets. The
importance weight A is set to 1 on both datasets. We warm-start both the independent baseline
and fine-pruning with identical parameters obtained by random search. Fine-pruning is run to con-
vergence or to a maximum of 10 iterations. In each fine-pruning iteration, Bayesian optimization
considers up to 50 candidates and network fine-tuning is performed with a fixed learning rate of
0.001 (the same learning policy used to obtain the initial fine-tuned network) to 10 epochs.
Results. Table 5.1 summarizes our experimental comparison of fine-tuning, independent fine-tuning
and pruning, and fine-pruning, on the UCMerced Land Use and Describable Textures datasets.
On UCMerced Land Use, the independent baseline produces sparse networks with 1.78 million
parameters on average over ten runs, representing a reduction in the number of weights by 31.9-
fold, while maintaining the test accuracy within 1% of the dense fine-tuned network. Fine-pruning
achieves further improvements in memory efficiency, producing sparse networks of 1.17 million
parameters on average, or a 48.8-fold reduction in the number of weights, while maintaining the

test accuracy within 1% of the dense fine-tuned network. On Describable Textures, we average
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Accuracy Accuracy Parameters ~ Compression
(Val.) (Test) Rate

UCMerced Land Use Dataset [173]

Fine-tuning only (Fig. 94.7% 94.3% 57.0 M -
5.1a)

Independent fine-tuning 92.74+0.7% 93.840.7% 1.78£041 M 31.9 %
and pruning (Fig. 5.1b)

Fine-pruning (Fig. 5.1c)  92.5+£0.9% 94.1+£0.6% 1.17£0.39M 48.8 x

Describable Textures Dataset [21]

Fine-tuning only (Fig. 53.5+0.8% 53.74+0.9% 571 M -
5.1a)

Independent fine-tuning 52.84+1.2% 53.4+1.5% 3.624+0.54 M 15.8 x
and pruning (Fig. 5.1b)

Fine-pruning (Fig. 5.1c)  53.0£09% 52.84+0.8% 2.41+0.68 M 23.7 x

Table 5.1: Experimental results on two specialized image domains: remote sensing images and
describable textures. All experiments start with ImageNet-pretrained AlexNet [74] and use the state-
of-the-art dynamic network surgery method [45] for network pruning. For a fair comparison, the
pruning parameters in the independent fine-tuning and pruning baseline are also tuned by Bayesian
optimization. We average results over ten runs on the remote sensing dataset and the ten provided
splits on the describable textures dataset.
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Figure 5.3: Compression as a function of fine-pruning iteration. On both the (a) UCMerced
Land Use Dataset and (b) Describable Textures Dataset, the pruning module adaptation, guided
by Bayesian optimization, learns a policy of starting with a strong initial prune and tapering off in
later iterations.

the results over the ten provided splits. Similar improvements are obtained on this harder dataset.
The independent baseline reduces the number of weights by 15.8-fold while maintaining the test
accuracy within 1% of the dense fine-tuned network. Fine-pruning lifts the compression rate to
23.7-fold while maintaining the test accuracy within 1% of the dense fine-tuned network.

Fig. 5.3 shows how the compression rate varies with the fine-pruning iteration. We observe
that, on both datasets, the pruning module adaptation learns to start with a strong initial prune
and then gradually increase pruning aggressiveness in later iterations until the network converges.
This behaviour can also be observed by examining the pruning parameters x* selected by Bayesian
optimization.

Table 5.2 illustrates the average number of weights layer by layer after fine-pruning for both
datasets. We observe that the original fine-tuned networks in both cases are highly over-parameterized,
and a significant reduction in memory can be obtained by fine-pruning. A large proportion of the
original network parameters reside in the fully connected layers fc6 and fc7. Provided that the un-
derlying network pruning module allows for pruning parameters to be set on an individual layer
basis, our Bayesian optimization controller automatically learns to prioritize the compression of

these layers because they have the largest influence on s(x) in the objective function (Eq. 5.2).

5.6 Conclusion

In this chapter, we have presented a joint process for network fine-tuning and compression that pro-
duces a memory-efficient network tailored to a specialized image domain. Our process is guided by

a Bayesian optimization controller that allows pruning parameters to adapt over time to the charac-
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Parameters: Parameters: Percentage
Before After Pruned

UCMerced Land Use Dataset [173]

convl 35K 26 K 26.1%
conv2 307 K 92 K 70.2%
conv3 885 K 261 K 70.5%
conv4 664 K 218 K 67.2%
conv5S 443 K 181 K 59.1%
fc6 37.8 M 313K 99.2%
fc7 16.8 M 60 K 99.6%
fc8 86 K 17K 80.3%
total 57.0M 1.17M 98.0%

Describable Textures Dataset [21]

convl 35K 32K 8.3%
conv2 307 K 245 K 20.4%
conv3 885 K 343 K 61.3%
conv4 664 K 442 K 33.4%
conv5 443 K 216 K 51.2%
fc6 37.8 M 401 K 98.9%
fc7 16.8 M 661 K 96.1%
fc8 193 K 72 K 62.4%
total 571 M 241 M 95.8%

Table 5.2: Layer-wise compression results. Our Bayesian optimization controller automatically
learns to prioritize the compression of the fc6 and fc7 layers, which have the most parameters.
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teristics of the changing network. Fine-pruning is general and can accommodate any parameterized

network pruning algorithm.
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Chapter 6

Memory-Augmented Recurrent Neural
Networks for Dense Video Captioning

6.1 Abstract

Dense video captioning is a challenging computer vision task that involves effectively understand-
ing long video sequences. In this work, we address this problem by augmenting recurrent neural
network architectures with external memory. We propose a dense captioning model that incorpo-
rates external memory augmentation both to encode video and densely caption it. We demonstrate
that recurrent video encoder and dense captioner networks augmented with external memory can be
used to effectively encode frames based on the content of the entire video, as well as for generating
dense captions better than recurrent networks without external memory augmentation. We conduct
experiments on the ActivityNet Captions and YouCook II datasets to demonstrate the potential of

external memory augmentation.

6.2 Introduction

Describing the content of a video in natural language is a fundamental artificial intelligence problem
with many applications, such as video search, video summarization, and acessibility for the visually
impaired. In the task of dense video captioning, we are given video input that consists of multiple
events, often chronologically related to each other, and the goal is to detect these events and describe
each of them using a natural language sentence.

Numerous methods involving recurrent neural networks (RNNs) have been proposed to address
this task [161, 91, 168]. RNNs can be used either for video encoding or captioning the events in
these videos, or for both of these purposes. While RNNs are shown to be effective at sequence
understanding, understanding long sequences is still a difficult problem.

We present a novel architecture for dense video captioning based on memory-augmented neural
networks. A large and sparsely written external memory can offer a potential benefit to recurrent
nets in understanding long sequences [43, 20, 99]. Dense video captioning involves two main prob-

lems: dense event detection and dense captioning. In this chapter, we focus on dense captioning.
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memory-augmented recurrent neural networks have ideal properties for understanding long videos
and densely captioning them. In particular, they enable the storage and access of memory cells that
can capture the content of events as they evolve over varying timescales. Furthermore, cells in the
external memory are written sparsely, which lets them store data reliably for long timescales, unlike
the neurons in RNN models where whole neurons are updated at every iteration. This property
provides memory-augmented networks a mechanism to store information about the long sequence

of events which would enable a contextual understanding.

Write IV{Lnory Season.chicken breast
_’ﬁ_l - ‘ﬁllet with salt and
eac

pepper on both sides.

; { [}
‘ g . Memory]|
{ r v iDM ﬂ L Write I Fry seasoned chicken
e Y 47 Read = — =) in oil until whit
A 9 Read i == Read - in oil until white
¥ P 3 ,, L ——

with golden patches.

Memory Memory]

Augmented Event Wit Cut the chicken
Video Encoder Segments ﬁ — =)

Read - into cubes or strips.

Memory
Augmented
Dense Captioner

Figure 6.1: An overview of our memory-augmented recurrent neural network based model for dense
video captioning. We use a memory-augmented recurrent representation to encode the whole video
and also to caption each event segment.

As shown in Fig. 6.1, we use memory-augmented recurrent neural networks for our model
components. First, a memory-augmented video encoder is used to produce a feature representation
of event segments in a holistic manner based on context from other events occurring in the video.
Second, each of the event segments is captioned coherently by a memory-augmented network using
these holistically learnt event segment representations. We demonstrate the effectiveness of this

over baseline methods that do not have memory augmentation.

6.3 Related Work

Dense Video Captioning. Krishna et al. [73] proposed the ActivityNet Captions dataset that aims
to benchmark event detection algorithms which can also provide a natural language description of
these detected events. Zhou et al. [191] introduce a new procedural video dataset called YouCookII
which contains YouTube cooking videos annotated densely with event segments and a natural lan-
guage description of each of these events. Wang et al. [91] use a bi-directional recurrent repre-
sentation to encode video frames for event detection and also to extract event context vectors for
dense captioning. Xu et al. [168] learn to perform joint detection of events and describe them
using 3D convolutional representation to detect events and a hierarchical LSTM representation to
densely caption the video about these events. Zhou et al. [192] address dense captioning by using
transformer based end-to-end event segment detection and captioning model with multiple layers of

multi-headed self attention. Li et al. [91] propose to jointly learn to detect and caption the events by
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using “descriptiveness" regression to refine the segment boundaries and caption using an attribute
augmented captioning architecture. Wang et al. [161] propose an adaptive bidirectional context fu-
sion based on a gating mechanism for both the event proposal and event caption generation. Zhang
et al. [185] utilize cross-modal hierarchical sequential embedding that learns multi-granular cor-
respondances between image/video and text for performing different tasks including dense video
captioning. Unlike many of the previous approaches for this task that rely on recurrent neural net-
work representations to function both as a memory bank and video-caption representation learners,
in our model, we provide dedicated stable external memories both for our video generator and cap-
tioner.

Image and Video Captioning is a computer vision task that has an extensive body of literature
behind it. Some of the earlier examples of image and video captioning methods include Donahue
et al. [32] that uses an encoder decoder technique to caption images and videos. You et al. [181]
invoke semantic attribute attention maps on both the input and output caption representations to
learn a captioning model. Karpathy et al. [65] propose to describe images by inferring a latent
image to caption alignment by performing multimodal embedding and using a structured objective.
Yu et al. [183] learn a hierarchical representation for paragraph captioning of video by incorporating
temporal and spatial attention mechanisms.

Memory models are frequently used to learn sequence representations for performing various
tasks like question answering in text [43], movie question answering [99] and image captioning [20].
Graves et al. [43] introduce a novel external memory-augmented recurrent neural network to per-
form multiple tasks that include question answering in synthetic dataset settings, and three graph
processing based tasks. Na et al. [99] use a write CNN to encode multimodal data content and a
read CNN to read this content as well as the question to learn the answer representation. Park et
al. [20] learn a personalized image captioning representation by involving a memory which is used
as a storage bank to capture contextual data representations that are pertinent to hashtag prediction
and post generation which are primary tasks with in this chapter. Wang et al. [162] propose a mul-
timodal memory for video captioning. Differing from these methods, we focus on the task of dense

video captioning which involves generating a caption for each of the events in videos.

6.4 Method

The proposed model consists of a recurrent external memory aided video encoder and caption gen-
erator. We first provide a brief description of external memory-augmented neural networks and

follow it up with a description of our dense captioning model aided by this network.

6.4.1 Preliminaries

Inspired by Graves et al. [43], our memory encoder consists of an external memory that enhances

the storage capacity of recurrent neural networks and a memory controller that accesses this mem-
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ory to store and retrieve history. We provide an overview of each of these components and their

functionalities.

Memory Controller

The memory controller consists of a recurrent neural network that uses the external memory to store
information. Iteratively, it reads and writes to the external memory, and in this process, it encodes
the temporal dynamics of the input. The controller encoded input representation comprises of the
controller recurrent neural network output, and in addition, a set of “read vectors" being read from

the external memory. Mathematically, the controller operation can be described as:
or = C(fr; M{_1); My (6.1)

Here, C denotes a controller recurrent network, f;, M; are the feature input and external memory
read vectors at time ¢. ;" is the concatenation operator. The read vectors are obtained from the
controller’s read to the external memory. The controller performs iterative read/write operations on
the external memory, described later in this section. The controller network emits this output oy.

The final encoded representation is obtained by computing a residual connection over o; at time ¢.

675 = O¢ + g(ft) (62)
Here, function g maps input f; to the output space. o; is the final output of the network.

External Memory

Our external memory design and operations are similar to the method described in Graves et al. [43].
The external memory consists of a block of memory cells used by the controller to store memory.
At each timestep, the controller reads a set of data from the memory and writes another set of data
to the memory. The memory read/write locations are chosen by a probabilistic addressing mecha-
nism, including content based addressing. In addition to the content based addressing, additional
addressing components specific to read/write operations are also utilized to serve customized func-
tionalities accordingly. First we describe the memory interface functions that the controller uses to
interact with the external memory. Then, we describe memory read/write operations.

Memory Interface functions: Before delving into the details of read write operation, we first
list the set of functions that controller generates to interact with memory. These functions are
obtained by computing a non-linear transformation on the current memory output. We assume that
there are N memory cells of size M and R read heads. We have a single write head, following
Graves et al. [43].

Here, each of the key vectors are of size M, so are the erase and the write vectors. Each of
the strengths, allocation gate, write gate, free gates are scalars. The read mode is a 3 dimensional

vector.
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Operation Function Notation
Key (ki1
Read Strength (37" R
Mode (i
Key k}
Strength 5¢
Free gate {6, }E
Write Erase vector et
Write vector Qi
Allocation gate gt
Write gate g’

Content based addressing: Both the read and the write operations involve content based ad-
dressing mechanism to find the most appropriate memory location. At each timestep ¢, content
based addressing chooses the most appropriate location to perform the operation by computing a
probability map over locations. It uses a key vector k and computes cosine similarity between this

key vector and content at memory locations:
¢t = softmaz(cos(Mi_1, kt)3;) (6.3)

Here, c¢; denotes content weight for memory locations in My, and $; denotes “strength" value con-
strained to a range between [1, 00), all at time ¢. At each timestep, content based addressing uses
aread and write key/strength pair to perform read/write operation. We now describe the read/write
operation.

Write Operation: The write operation involves computing the content (known as “write vec-
tor") and the location to write to the memory (known as “write weightings"), determined by a set of
differentiable components. Intuitively, the write location is determined by parameters that choose
between re-writing a location that has been written by content based addressing (Eqn. 6.3) and
writing to a new location by a technique called dynamic memory addressing. In addition to this
component, the write operation also enables an operation of preventing any write operation using
a learnable “write" gate and to trigger a memory reset using an “erase”" vector. We now describe
the mathematical formulation of the write process, involving content based memory addressing and

dynamic memory allocation.

e Dynamic Memory Allocation: Dynamic memory allocation component is a differentiable
process that determines a time varying set of new memory locations to write. iteratively, the
new locations to be picked for writing is determined by an “allocation weighting". It involves
computing “usages” of memory locations and assigning high allocation weights to the most
free locations. Mathematically usage of locations is represented by a usage vector u; and free
locations are mathematically represented by free list 77. The usage vector is also influenced

by free gates (a set of interface functions) § which determine whether recently read locations
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can be freed, in form of a retention vector v. We now discuss mathematical formulation of
these components. We first build towards computing the usage vector, and then define the
allocation weightings.

First, the retention vector is computed using free gates as:

R
e =[]0 = gwity) (6.4)

i=1
Note that free gate is a scalar, changes with time.Typically, a location ¢’s content is retained if
their retention vector value is close to 1 (y[i] — 1), and as seen from Equation 6.4, its value is
controlled by the free gates §. Conversely, a location can be freed by the free gates by reseting
its retention value to 0. Using this retention vector, -y, usage vector at time t can be computed

as:

ut = (up—1 +wyl g —u—1 0wl y) oy (6.5)

Here, o stands for elementwise multiplication. From Equation 6.5, it is seen that the usage
value of a location increases with a write from previous timestep. Also, it can be seen that the
usage of a location is reset to O if its retention value is 0. Finally, by sorting the usage vector,
free list 77 is obtained and allocation weighting a; is iteratively computed for each location in

the increasing order of its usage using the free list as:
7j—1
anlil) = (1 = wi[ne[51) T welmelil] (6.6)
i=1

Content based addressing: Content based addressing, introduced earlier, also influences the
write operation:
¢’ = softmax(cos(M;_1, k;")8}") (6.7)

Here, ¢}’ stands for content weightings, k;’ stands for write key, and 5} stands for write
strength, cos denotes cosine similarity. Intuitively, this component picks the write location

with a content that is most similar to the write key.

Final Memory Write: Write weightings are computed as a weighted combination of allo-
cation weighting and content weightings (LHS terms in Equations 6.6 and 6.7 respectively).

Mathematically, write weightings at time ¢ are computed as:
wy’ = g¢'lgfar + (1 — gf)ci’] (6.8)

Here, g; and g{ are write gate and allocation gate respectively, generated by the controller.
If the write gate is zero, write operation is disabled. Similarly, the allocation gate decides

relative weights of content based addressing and allocating a new location to write. Using the
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write weightings, memory M at time ¢ is updated as:
My = My o (Jyy —wiel) +wiaf (6.9)

where J is a matrix of ones, e stands for the erase vector, « stands for the write vector, T’

denotes vector transpose operation and o stands for elementwise multiplication.

Read Operation: Similar to the write operation, the read operation involves computing the location
to read, known as “read weightings". A read operation is determined by multiple factors. Following
Equation 6.3, the content based addressing weight component corresponding to read weights is
computed for memory locations. In addition to the content based addressing component, a read
operation also consists of a component that tracks the temporal order in which the contents are
recorded in the memory. To do so, first, a precedence vector is computed which measures frequency
of write operations at a given location. Second, using this precedence vector, a temporal linkage
matrix is computed, which is used in encoding the write location order (known as temporal links) in
the form of forward and backward link weights. Final read weightings are computed as a weighted
combination of these three components. Next, we describe the mathematical formulation of the read

operation.

e Content based addressing: Similar to write operation, content based addressing in read
operation involves a read key, and a read strengths to compute read location weightings cor-

responding to this component:

¢t = softmax(cos(My_1, k)5 (6.10)
i=1,2,.R

Here, we have distinct read keys ky o corresponding to each of the R read heads indexed with
i, so are read strengths 5;”". Intuitively, this component picks the read location with a content

that is most similar to the read key.

e Temporal Linkage: This component involves iteratively updating a temporal linkage matrix
that intuitively captures the order in which memory locations are written. Subsequently, the
link matrix contributes to read weights, two components that captures order with one in the
forward direction and the other in the backward direction. Computing linkage matrix involves

computing “precedence weight" which quantifies write frequency of memory locations:

N
pe= (1= wliDpi1 + wy’ 6.11)
=1

Here p; stands for precedence weight at time ¢, w;” corresponds to write weightings defined
in Equation 6.8, IV is the number of memory cells. Next, it is then used to compute the link

matrix.
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Entries of the link matrix are iteratively updated so as to encode the most recent link between
a given pair of locations. Mathematically, the link matrix which is a square matrix of size N

at time ¢ is obtained as:
Liliv ) = (1= wli] = w[j)) Leor[i, 4] + wf [pe-slj] (6.12)

Note from this equation that link weights L[z, j] are updated whenever a write occurs at either

of those locations. Using link matrix, forward and backward link weights are computed as:

fi = Liw}', (6.13)
bl = LTw]" |, (6.14)
i=1,2,...R

Here, we see that both forward link weights f; and backward link weights b are indexed, one

for each of the R read heads. Both these weights are computed iteratively.

Read Vectors: Finally, read weightings are computed as a weighted combination of c’t“’i (ob-
tained from Equation 6.10), f{ (obtained from Equation 6.13), and b (obtained from Equa-
tion 6.14):

wy' = i)+ wh £+ b, (6.15)
i=1,2,...R

Using these read weightings wy " one for each of the R read heads, the final read vectors

corresponding to each read head at time ¢ is computed as:

myt = M w)", (6.16)
i=1,2,..R

Here, the memory vector mg’i, is computed as a weighted combination of memory locations,
where the read weighting corresponding to the read head is used as the weight, and 7" denotes
transpose operation. Using these operations, we obtain M as the concatenation of R read

vectors as:

M; = [mtmi? ot mlE (6.17)

i=1,2,..R
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Figure 6.2: Illustration of our dense captioning model with references to variables in our equations.
Encoder components are shown in green and decoder components are shown in blue.

6.4.2 Memory-Augmented Recurrent Video Encoder

In this problem, we are given an input video that contains multiple segments of interest that need
to be captioned, for which we employ a memory-augmented representation to encode the video in
a holistic manner and to caption all the events that occur in the video. A detailed illustration of our
model is shown in Fig. 6.2. We now describe each of these components.

We use a memory-augmented recurrent neural network to encode the multi-event video in a
holistic manner. The recurrent neural network in our video controller, C,, of our video encoder is
a single layer bidirectional LSTM (Bi-LSTM). Each frame in the input v; is encoded using this
representation as:

o] = (Cy(ve; M) M) (6.18)

where M,"" are a set of read vectors from the timestep ¢ (obtained by the computations mentioned
in the section 6.4.1), and o} is the output of video controller network. We further compute a trans-

formation over residual connection [50] on controller to get the final encoded video representation:
6y = of + gu(vt) (6.19)

Here, g, is a function that maps video input to the video encoder network’s output space. We refer to
the entire encoded video representation as O, which has features corresponding to 7" video frames
stacked together:

0" = (61,05, ...,07) (6.20)

6.4.3 Memory-Augmented Recurrent Dense Caption Generator

We use the encoded video representation OV to caption the events that occur in the video. The input
to this module is the encoded video representation OV and a set of P event segments. An event
segment p is defined as a tuple (s, e;,) of its start and end locations. Using these inputs, we first

extract event segment features as:

zp = (08 ,0% ,...,08) 6.21)
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We caption these segments x,, using our dense captioning model.

We enable the event captioner to focus on different parts of the event segment appropriately
while generating the caption word-by-word, using temporal attention. At each word generation step,
event segment features are temporally attended to compute the video feature input to the caption

decoder at time ¢, denoted by T ;:
fp,t = 0Opt - Tp (622)

Here, 0y, ; is the temporal attention weight vector for the p'" event segment at time ¢, and “-" denotes
inner product. We use this attended event segment representation to the caption network, which we
use to compute the attention weights o, ; described later.

We use a representation consisting of a memory-augmented recurrent neural network for the
caption controller network. It consists of a single layer Bi-LSTM, which is used to decode the

caption word by word. We use this network in decoding the next word of the caption as follows:

ipt = [Upt—1;Tpyt] (6.23)
0t = [(Celipe; Myy_1)): M) (6.24)
0t = 0051 + gelipst)) (6.25)
Ypt = softmaa:(égyt) (6.26)

In the above equations, p and ¢ correspond to event segment and time indices respectively, i, is
the input to the caption controller network. C. is the Bi-LSTM neural network part of the caption
controller, and M;f are a set of read vectors at time ¢ (obtained by the computations mentioned in
the section 6.4.1). The function g. maps input i, ; to the caption controller network’s output space
and is used to compute the output word representation. Finally, theta is a non-linear transformation
that projects caption controller output to the output space, denoted by o7 ,. We use this output
to compute the probability distribution over the vocabulary for the next word y,; by a softmax
operation. Note from Equation 6.25 that similar to the video encoder, the captioning network too
computes a residual connection across the caption controller. Using caption controller network
outputs from the last timestep, the video attention weight o, ; used in Equation 6.22 is recursively

computed using the controller hidden state as:

Opt = SOftmax(cﬁ([OZ,t_l; Ypi—1])) (6.27)

Here, of, , is the caption controller network output defined in Equation 6.24, and y; ¢ is the previ-
ous caption word distribution generated using Equation 6.26. ¢ is a linear transformation map that

is used to compute the final video attention weight o ;.
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Method BLEU 1 | BLEU2 | BLEU 3 | BLEU 4 | METEOR
LSTM-YT [156] 18.40 8.76 3.99 1.53 8.66
HRNN [183] 18.41 8.80 4.08 1.59 8.81
Krishna et al. [73] 18.13 8.43 4.09 1.60 8.88
Lietal. [91] 19.57 9.90 4.55 1.62 10.33
Zhang et al. [185] 19.8 94 4.3 2.1 9.2
LSTM-vid/LSTM-cap 18.91 7.75 3.09 1.55 8.95
Ours-Mem-Vid/LSTM-cap | 21.75 10.06 4.30 1.92 9.76
Ours-Mem-Vid/Mem-cap 21.67 9.87 4.15 1.90 9.84
Zhou et al. [192]" - - 5.80 2.77 11.2

Table 6.1: Experimental results on ActivityNet Captions dataset for all our methods using ground
truth event segments (Numbers for the first four rows obtained from Li et al. [91]).

The output of dense caption generator is then a set of captions corresponding to each event segment:

(W30 910)s (UF5 93, - U72))s -

P P P
(yzfaygaayig)va(yl 7y27"‘7ny))

Here, index p corresponds to event segment index, and L}, L2, ..., LY represent the length of P
captions, corresponding to each event segment respectively. In summary, we propose a novel dense
video captioning model consisting of a memory-augmented video encoder and memory-augmented
dense caption generator. We generate captions, one corresponding to each event in the video, inde-

pendently of each other, by performing temporal attention over encoded event segment features.

6.5 Training

To learn our model, we are provided with a training set with ground truth event segments and a
caption associated with each event segment. Mathematically, each instance in the training set is
represented by:

th = {(s, e, ¢"),i=1,2,..., P} (6.28)

Here, a training datapoint ¢,,, indexed by n, has an annotated set of P,, event segments, and each
event segment annotation consists of start time s°, end time e’ and a caption g¢'.
We train the model end-to-end, and use cross entropy loss over words across all the P, captions

as our loss function for this training example:

P, L.

Loss = Z Z CE(yi, 9} (6.29)

i=1t=1
! Uses different features
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Here, y; denotes the network predicted word distribution at time ¢, g¢ denotes the one hot represen-
tation of the ground truth word of " caption at time ¢, and L, denotes the length of the i'" caption.
For a video, we compute this loss as a summation over all captions. We perform teacher forcing
over the entire duration of training, where we input the ground truth caption word at each time ¢
instead of the word predicted by the model. During test time, we input the previously predicted

word instead of the ground truth.

6.6 Experiments
6.6.1 Datasets

We conduct experiments on two datasets: the YouCooklII [191] and the ActivityNet Captions [73]
datasets. The YouCook II dataset has 2000 videos, with 1333 videos for training and 457 videos for
validation. The videos in this dataset have an average event count of 7.70. The ActivityNet Captions
dataset has 10k training videos and 4917 validation videos. The videos have an average event count
of 3.65 in this dataset. In both the datasets, the length of the event caption does not have correlation
to the event duration. We use ResNet-34 features provided in case of YouCookll dataset, and C3D
features in case of ActivityNet Captions dataset. We perform experiments using the validation set

as test data.

6.6.2 Model Settings

We use two external memory-augmented recurrent neural networks, one for video encoding, one
for captioning, with the same parameter dimensions for both the networks. We use an external
memory of 5 memory cells with size 1024. We have 4 read heads that result in 4 read vectors at
each timestep, and 1 write head. For the controller, we use a Bi-LSTM for the video, and an LSTM
cell for the caption controller, each with size 1024. We vary the learning rate between 0.1 and 0.01
with step size of 2 upon attaining training error plateau. We train our system for a fixed training
time of 50 epochs. We report maximum BLEU and METEOR scores that we obtain for each of our
baseline methods and the model.

We report results obtained using the ground truth event segments. We restrict ourselves to
ground truth event segments when comparing with previous methods as our models focus on the
dense captioning task and do not perform end-to-end training with an event detector as in some

previous work [161, 192].

6.6.3 Baselines

LSTM Captioner/video encoder: We use Bi-LSTM for the video encoder and LSTM for the cap-
tioner, both without the external memory. We refer to this baseline as LSTM-vid/LSTM-cap in the
results section. This is the baseline method for our model variants.

LSTM Captioner, memory-augmented LSTM video encoder: We use Bi-LSTM with the exter-
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nal memory for the video encoder and LSTM with no external memory for the captioner. We refer
to this model variant as Mem-Vid/LSTM-cap.

Memory-Augmented Captioner, Memory-Augmented LSTM video encoder: We use Bi-LSTM
with the external memory for both video encoder and captioner. We refer to this model variant as

Mem-Vid/Mem-cap.

6.6.4 Results

Groundtruth: Cut the
chicken

LSTM-vid / LSTM-cap: Cut
the roll into pieces
Mem-vid / LSTM-cap: Cut
the chicken into cubes
Mem-vid / Mem-cap: Cut
the chicken into pieces

Groundtruth: A man walks out
in front of a weighted barbell.
LSTM-vid / LSTM-cap: A man is
seen standing on a track and
begins swinging down a track.
Mem-vid / LSTM-cap: A man is
seen standing on a large circle
and begins spinning a set of
weights.

Mem-vid / Mem-cap: a man is
seen standing on a large mat
with a racket.

Groundtruth: Mix flour salt
and pepper together
LSTM-vid / LSTM-cap: mix
the ingredients together
Mem-vid / LSTM-cap: add
salt and black pepper
Mem-vid / Mem-cap: add
flour salt and pepper to the
bowl and mix

Groundtruth: coat the chicken
in the flour mixture the egg
mixture and the bread crumbs
LSTM-vid / LSTM-cap: coat the
chicken in the flour mixture
Mem-vid / LSTM-cap: coat the
meat in flour and bread
crumbs

Mem-vid / Mem-cap: coat the

chicken in the flour

Groundtruth: The man prepares
to lift the weight

LSTM-vid / LSTM-cap: A

man is seen standing on a set of
weights and begins performing
a gymnastics routine.

Mem-vid / LSTM-cap: The man
lifts the weight and then walks
away.

Mem-vid / Mem-cap: the man
then bends down and lifts a
heavy weight over his head

Groundtruth: The man lifts
the weight above his head.
LSTM-vid / LSTM-cap: A
man is seen standing on a
stage with a large weight

and begins walking around.

Mem-vid / LSTM-cap: The
man lifts the weight to his
chest and drops it to the
ground.

Mem-vid / Mem-cap: The
man lifts the weight over
his head.

Groundtruth: cut the chicken
add marinara sauce and
cheese on top of the chicken
LSTM-vid / LSTM-cap: add the
sauce to the pan and mix the
ingredients

Mem-vid / LSTM-cap: serve
the chicken with cheese and
place the top on top
Mem-vid / Mem-cap:
combine the meatballs sauce
and cheese on the chicken

Groundtruth: The man
drops the weight.
LSTM-vid / LSTM-cap: A
man is seen standing on a
mat with a large weight.
Mem-vid / LSTM-cap: The
man drops the weight.
Mem-vid / Mem-cap: The
man drops the weight.

Figure 6.3: Sample qualitative results comparing ground truth captions with baseline and model
variants. Note that the full model is able to generate the relevant content, shown in green (for exact
attributes) and blue (for related attributes), while making fewer mistakes, shown in red.
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Method BLEU 4 | METEOR
LSTM-vid/LSTM-cap 0.93 9.15
Ours-Mem-Vid/LSTM-cap 1.49 9.74
Ours-Mem-Vid/Mem-cap 1.64 10.08
Zhou et al. [192]! 1.42 11.2

Table 6.2: Experimental results on YouCooklI dataset obtained using ground truth event segments.

Tab. 6.2 lists the performance of several methods including our model on the YouCook II dataset
using ground truth events. We obtain state-of-the-art performance on the BLEU 4 metric and also
achieve better performance compared to the baseline methods. Tab. 6.1 compares our method with
previous dense video captioning methods applied to this problem and other dense video caption-
ing/video captioning methods. We show that our model achieves competitive performance com-
pared to these previous methods.

Relative to previous methods, our model achieves much more competitive performance in the
case of the YouCooklI dataset. The plausible reason for this observation lies in the nature of these
two datsets. While YouCookll has events that are sequentially highly correlated events, Activi-
tyNet videos have more independent events. The former scenario is more favourable to our model,
as it aims to capture these long term correlations. Nevertheless, our models achieve competitive
performance on both the datasets.

Fig. 6.3 shows qualitative results and compares the results of different baselines. It can be seen
that the memory-augmented models refer to the relevant attributes of the event more often than the
LSTM only baseline. This shows that memory augmentation improves the performance of recurrent
models for dense captioning, and therefore could be extended to previous dense captioning methods

invo‘lving recurrent neural network representations [91, 161].

6.7 Conclusion

In this chapter, we proposed a new model for dense video captioning involving an external memory-
augmented video encoder and an external memory-augmented dense captioner. We showed that our
model considerably improves the performance of recurrent neural network based dense captioning
method, and is competitive with respect to previous state-of-the-art dense captioning methods on

two datasets.
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Chapter 7

Conclusion and Future Work

In this dissertation, we presented different methods and applications related to multi-person video
scene understanding. We presented novel approaches to a specific multi-person scene understand-
ing problem known as group activity recognition. We made critical contributions to group activ-
ity recognition. We introduced new deep learning-based solutions to model hierarchical temporal
dynamics in group activity and a novel neural message-passing model that captures interactions
between multiple atomic actions and group activity. We showed that our hierarchical deep tem-
poral model [57] effectively captures the temporal dynamics of the individual actions and group
activity, and our deep structured model effectively captures interactions between individual action
and group activity representations [30]. We also presented finepruning, a principled method for
performing network pruning jointly alongside finetuning for specialized domain tasks. Finally, we
studied the problem of sequence understanding in videos in more detail, an essential component
for group activity recognition, for which we proposed a new deep learning-based solution to dense
video captioning.

In Chapter 3, we introduced a novel hierarchical deep temporal model for group activity recog-
nition. Our method maps multi-person video clips to group activities. The hierarchical model
involved two levels of hierarchies. Each hierarchy was trained separately in a two-stage framework,
with the lower level in the hierarchy dedicated to individual action representation and the higher
level to modelling group activities. The lower level hierarchy is trained to predict the right individ-
ual action category from short video clips. The higher-level hierarchy used an aggregated feature
representation of all the individuals in the scene and was trained to predict the group activity label.
We conducted experiments on multiple datasets and showed that our model obtained competitive
performance and outperforms its baselines.

In Chapter 4 we presented a new deep structured model for group activity recognition. We pre-
sented a novel deep message passing neural network that performs refinement of predictions of all
the labels present in the scene, such as group activity label and individual pose/action labels. Our
model consisted of multiple blocks of neural network layers that mimic message passing through
a simple forward computation to update label predictions. These layers are comprised of unary

terms corresponding to each label prediction and pairwise terms that capture multiple interactions.
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The first pairwise component captured interactions between individual pose information and group
activity, whereas the second pairwise component captured interaction among all individual pose
labels. We conducted experiments on multiple datasets and showed that our model obtained com-
petitive recognition performance, and stacking our neural message passing layers further improves
the performance.

In Chapter 5, we focused on efficient recognition in specialized domain tasks like group ac-
tivity recognition. We presented a new principled method for pruning large neural networks for
specialized domain tasks. This method, known as “finepruning”, is an iterative method in which
the network was jointly finetuned and pruned. Further, unlike previous pruning methods that preset
pruning hyperparameters during the whole pruning, we adaptively set the pruning hyperparameters
during each iteration by adding an “adapt pruning” module. In each iteration, we finetuned the net-
work, efficiently searched for pruning hyperparameters using Bayesian optimization as our adapt
pruning module, and pruned the network using these hyperparameter values. We showed that our
method achieves the state-of-the-art pruning ratios on two different specialized domain datasets.

Finally, in Chapter 6, we turned our attention to the problem of long sequence understand-
ing, which forms one of the essential components in group activity recognition. Specifically, we
focused on the problem of dense video captioning, which involves captioning each event in a multi-
event video. We presented a novel approach to dense video captioning. We proposed a memory-
augmented recurrent neural network for dense video captioning, with a memory-augmented encoder
that encodes video frames and a memory-augmented caption decoder that decodes caption word by
word for every event. Using our method, we encoded the whole multi-event video using a memory-
augmented encoder LSTM. Then, for each event annotation provided in the ground-truth, we used
the provided ground-truth event segments to obtain event-level encoded features and decoded cap-
tion word by word by adaptively attending over different parts of the event segment for generating
each word. We showed that our proposed method outperforms baseline methods with no memory
augmentation on two different dense video captioning datasets.

Our models for group activity recognition have inspired many recent methods for group activity
recognition. They sought to build better models for capturing interactions and relations between
individuals, building better spatio-temporal feature representations, capturing important relevant
relations, leveraging advances in other related fields such as human pose estimation for group ac-
tivities for group activity recognition. In future work, we could expect further advances in this
direction, where more methods would focus on improving the interaction modelling and feature
representational learning.

Second, group activity recognition datasets which consist of trimmed video clips could be ex-
tended to untrimmed videos, which would contain multiple group activities and models built for
recognizing in such videos shall detect these group activities in the video. Further, group activity
task could be extended to include a hierarchy of group activities for recognizing a hierarchical set
of group activities. Furthermore, current group activity models could be extended to predict natural

language dense caption descriptions. Finally, network pruning methods shall be extended to work
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with videos where models could skip processing a subset of frames in order to reduce computational

costs for an efficient group activity recognition in videos.
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