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Abstract

With the advancement in computer vision deep learning, systems now are able
to analyze an unprecedented amount of rich visual information from videos to en-
able applications such as autonomous driving, socially-aware robot assistant and
public safety monitoring. Deciphering human behaviors to predict their future
paths/trajectories and what they would do from videos is important in these ap-
plications. However, human trajectory prediction still remains a challenging task,
as scene semantics and human intent are di�cult to model. Many systems do not
provide high-level semantic attributes to reason about pedestrian future. This de-
sign hinders prediction performance in video data from diverse domains and un-
seen scenarios. To enable optimal future human behavioral forecasting, it is crucial
for the system to be able to detect and analyze human activities as well as scene
semantics, passing informative features to the subsequent prediction module for
context understanding.

In this thesis, we conduct human action analysis and develop robust algorithms
and models for human trajectory prediction in urban tra�c scenes. This thesis con-
sists of three parts. The �rst part analyzes human actions. We aim to develop an
e�cient object detection and tracking system similar to the perception system used
in self-driving, and tackle the action recognition problem under weakly-supervised
learning settings. We propose a method to learn viewpoint invariant representa-
tions for video action recognition and detection with better generalization. In the
second part, we tackle the problem of trajectory forecasting with scene semantic
understanding. We study multi-modal future trajectory prediction using scene se-
mantics and exploit 3D simulation for robust learning. Finally, in the third part,
we explore using both scene semantics and action analysis for the prediction of
human trajectories. We show our model e�cacy on a new challenging long-term
trajectory prediction benchmark with multi-view camera data in tra�c scenes.
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Chapter 1

Introduction

1.1 Motivation of Research

With the advancement in deep learning and computer vision, systems now are able to analyze

an unprecedented amount of rich visual information from videos to enable many AI applica-

tions. Researchers have achieved great successes in a wide range of computer vision tasks

like image classi�cation [70], object detection and instance segmentation [71], object track-

ing [190, 241] and scene semantic segmentation [32]. Computer vision engineers and scientists

are able to put these models into production for applications like image/video content retrieval

and in areas like retail and public safety. One of the most exciting applications is autonomous

driving, which may revolutionize how people get around places and how freight moves. While

many prototypes from companies like Waymo and Baidu Apollo have been built over the years,

many challenges remain. One of the main challenges is collision avoidance, which is crucial

for self-driving systems co-mingling with humans. This requires systems to anticipate human

motions in the future. This important analysis is called future person trajectory prediction.

Many existing systems do not provide high-level semantic attribute detection like current hu-

man activities and intention recognition to reason about pedestrian future. In this thesis, our

goal is to build a robust trajectory prediction system with in-depth semantic context under-

standing. We utilize joint analysis of human actions and enhanced contextual cues from the

environment to achieve intent-aware future trajectory prediction. The future trajectory pre-

diction task has received a lot of attention in the research community [3, 67, 103, 131, 179] (see

also this comprehensive survey paper [186]). It is regarded as an fundamental building block in

video understanding because forecasting human behaviors is useful in many applications other
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than self-driving cars like socially-aware robots [140], advanced surveillance systems, etc.

Figure 1.1: Our goal is to jointly analyze scene semantics and human actions to predict their

future trajectories. (a.) Joint analysis in stationary 45-degree view cameras. The green and

yellow line show two possible future trajectories. By recognizing that the person is carrying a

box, the system should be able to forecast the intention based on scene constraints and social

interactions (the person at the bottom left is waving at the target person), and predict the correct

future trajectory. (b.) Future trajectory prediction in self-driving system. (c.) Socially-aware

robots from [186]. (d.) First-person view trajectory prediction [253].

Humans navigate through public spaces often with speci�c purposes in mind, ranging from

simple ones like entering a room to more complicated ones like putting things into a car. Even

though their intentions might be determined early, their future trajectories might also be al-

tered by other constraints like social interactions and scene constraints (i.e., external stimuli,

as noted in [186]). This poses several challenges for the pedestrian future trajectory and action

prediction task as follows:

(1) The scene constraints are complex and they are changing dynamically. In urban

environment, the scene can be diverse and unpredictable with multiple actors including vehicles

and pedestrians performing di�erent tasks. For self-driving systems, as the cars are moving

around, the prediction models have to adapt to the dynamic changes of the scene (as well as

taking into account the ego-motions), which makes the forecasting problem even more complex.
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We need prediction models that are robust to scene and viewpoint variants.

(2) The future is often uncertain. Given the same historical trajectory, a person may take

di�erent paths, depending on their (latent) goals. Consider the example in Fig. 4.1 a., the person

(at the top-right corner) might take di�erent paths depending on their intention, e.g., they might

take the green path totransfer objector the yellow path toload object into the car. We have also

demonstrated this nature in our proposed Forking Paths dataset in chapter 5. Thus recent work

has started focusing onmulti-future trajectory prediction[24, 117, 121, 146, 217, 219].

(3) Training data is limited for rare scenarios. For self-driving applications, safe opera-

tion is a priority. Data from incidents can help us better improve the system but they are often

very rare and scene-dependent. Some tra�c events are impossible or too dangerous to be acted

out by actors for data collection purposes. As large amounts of well-annotated video data for

such rare scenarios are hard to get, in this thesis we investigate the usage of 3D simulator and

weakly-supervised learning to alleviate this challenge. We also propose a new multi-view tra-

jectory prediction dataset, with rich activity annotations that could enable enhanced contextual

cue models.

With the advancement of Convolutional Neural Networks (CNNs), Recurrent Neural Net-

works (RNNs) and graphical models [231], we will investigate how to design e�cient and

robust models suitable for joint scene semantic and action analysis for future trajectory predic-

tions. To tackle the aforementioned challenges, in Part I, we �rst explore and develop action

analysis perception system that is e�cient to capture behavioral cues and semantic attributes

of pedestrians. We also look into weakly-supervised learning by utilizing vastly available In-

ternet data in chapter 3 to get long-tail action training data. We aim to build robust models that

could produce viewpoint invariant representations in chapter 4. In Part II, we propose multi-

modal trajectory prediction model and study domain robustness. For the second challenge, we

develop multi-future trajectory prediction model and a new benchmark in chapter 5. For the

third challenge, we utilize recent success of learning from 3D simulation [187] and adversarial

learning [222] to train a robust model in chapter 6. In Part III, we develop a prediction sys-

tem that could utilize enhanced contextual cues in the scene and study the more challenging

long-term trajectory prediction problem in tra�c scenes.

1.2 Applications

Forecasting human behaviors in complex urban environment is useful in many applications

such as autonomous driving, public/tra�c safety monitoring, socially-aware robots, etc.
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1.2.1 Autonomous Driving

Safe operation is a crucial prerequisite for self-driving cars to become ubiquitous in the future.

Forecasting human behavior including pedestrians and cyclists is an essential building block

to achieve that [99, 131]. In Fig. 4.1 b., it shows an example camera view from the self-driving

cars. The human action analysis and prediction system is key to recognizing the pedestrian

and whether they are going to continue to walk across the road, making sure that the driving

planning system makes the right action for maximum safety.

1.2.2 Socially-aware Robots

Socially-aware smart robot assistants (Fig. 4.1 c.) can be utilized in the future to help humans

in performing everyday tasks, such as grocery shopping and delivery. They are required to

operate in a safe and socially-acceptable manner, since they would move closely among other

people. The ability to analyze and predict human behaviors from �rst-person camera view

(Fig. 4.1 d.) is essential for motion planning of the robots.

1.2.3 Advanced Public/Tra�c Safety Monitoring

Human action analysis and prediction system can also be applied to stationary cameras for

safety monitoring. With trajectory prediction enabled, tra�c safety system can issue warnings

to pedestrians and vehicles before potential accidents happen. Meanwhile, by looking into the

predicted collided trajectories that do not actually happen, tra�c safety researchers can study

these cases as near-misses to identify risky intersections or roadways. Furthermore, trajectory

prediction can enable analysis and control of crowd �ow in populated areas such as malls and

airports by combining other crowd dynamics analysis tools like crowd counting [38] (see this

news story1 from the Washington Post how our crowd dynamics analysis has been used in

real-world scenario). In terms of public safety monitoring, the forecasting system can also be

applied to predicting the path a suspect may �ee after an robbery or other crime incidents,

by using long-term prediction model that takes into account scene constraints and external

knowledge. This would be an important addition to the set of existing public safety tools like

gunshot detection [125], shooter localization [129], social media monitoring [81] and event

reconstruction [30, 124].

1https://www.washingtonpost.com/investigations/interactive/2021/

dc-police-records-capitol-riot/
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1.3 Thesis Organization

This thesis aims to predict pedestrian future trajectories by jointly analyzing human behaviors

and contextual cues from the environment. We �rst investigate human action analysis, includ-

ing e�cient object detection and viewpoint-invariant human action recognition & detection in

videos. This provides important semantic attribute inference and robust representations that

could help aid human intention recognition. We then focus on developing models for future

trajectory prediction with semantic scene understanding. Finally, we utilize our �ndings from

the �rst two parts and develop a robust model for challenging long-term trajectory prediction,

on a newly annotated multi-view benchmark. A detailed overview of each part is as follows:

Part I Human Action Analysis In this part, we study the problem of human action analysis,

including e�cient object detection and tracking, and action analysis. For object detection and

tracking, our goal is to build an e�cient perception system that utilizes robust image object de-

tection model and fast traditional tracking method for extended videos (chapter 2). Our focus in

this part is on action recognition and detection. As human actions are diverse, it is impossible to

collect training data for all action classes. Therefore we �rst study weakly-supervised learning

with massive video data with weak labels from Internet platforms like YouTube (chapter 3). To

enable better generalization of video action recognition models to all kinds of camera views,

we then investigate viewpoint-invariant representation learning (chapter 4).

Part II Pedestrian Trajectory Prediction with Scene Semantics In this part, we study

how trajectory prediction can bene�t from semantic context understanding of the scene. Since

the future is uncertain, we �rst introduce theMultiversemodel to tackle the multiple-future

trajectory prediction problem (chapter 5). To alleviate the limited training data challenge as

mentioned in previous section, we propose a machine learning algorithm calledSimAug, to

e�ciently learn from 3D simulation data for robust trajectory prediction (chapter 6).

Part III Joint Analysis of Human Actions and Trajectory Prediction In the �nal part,

we aim to build robust prediction model with enhanced contextual cues from scene semantics

and human action representations through multi-task learning. We �rst study jointly predict-

ing short-term pedestrian trajectories and activities on common benchmarks (chapter 7). Since

short-term future prediction is not enough to ensure safe operations in autonomous driving

applications, we introduce a new, human-annotated long-term trajectory and action prediction
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benchmark with multi-view camera data (chapter 8) in urban tra�c scenes. Finally, we uti-

lize our �ndings from the �rst two parts and develop a robust model for the aforementioned

challenging long-term trajectory prediction task (chapter 9).

1.4 Contributions

In this section, we brie�y discuss our contributions in each task considered in this thesis.

1.4.1 Part I: Human Action Analysis

As noted before, our goal is to build a robust trajectory prediction system with enhanced se-

mantic context understanding. In order to achieve that, in Part I, we �rst focus on machine

perception, as it is important for prediction models to get enhanced contextual information

from the scene and the target agent [186]. We investigate e�cient object detection and tracking

models in chapter 2. It is not our intention to achieve state-of-the-art on common benchmarks

like MSCOCO [136], but to create an e�cient framework for video perception that is easy to

swap in new models in the future. In chapter 3, we are one of the early works that study how

we could better utilize weakly-supervised video data from the Internet using self-paced cur-

riculum learning [91]. In chapter 4, we explore viewpoint-invariant representation for action

recognition and detection, which is one of the early works to tackle this problem in video.

1.4.2 Part II: Pedestrian Trajectory Prediction with Scene Semantics

In Part II, we study trajectory prediction models with scene semantic understanding. Following

the taxonomy proposed in [186], in chapter 5, we study a pattern-based sequential model that

considers scene semantics as contextual cues for multi-future trajectory prediction. In this

work, we propose the �rst human-annotated benchmark for multi-future trajectory prediction.

We then explore adversarial learning in chapter 6 to build robust trajectory prediction models

for di�erent environment and camera views, which is an important under-explored problem in

this research �eld [186].
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1.4.3 Part III: Joint Analysis of Human Actions and Trajectory Predic-

tion

In Part III, we study trajectory prediction models with scene semantic understanding and action

analysis. In chapter 7, we develop the �rst joint action and trajectory prediction model. In this

work, we are also among the very early works that look into hownoisy input of imperfect

object detection and tracking would a�ect trajectory prediction performance. Such robustness

experiments have been noted in [186] as very important to understand and measure the e�ec-

tiveness of the prediction models. In chapter 8, we propose a new human-annotated long-term

trajectory prediction benchmark with multi-view video data in urban tra�c scenes. In chap-

ter 9, we propose a new model that utilizes both scene understanding and viewpoint-invariant

action representation (chapter 4) for the challenging long-term trajectory prediction problem

in urban tra�c scenes.

1.5 Overall Impact

This thesis has potential impact on crowd dynamics analysis in general, in particular, on sev-

eral directions of the pedestrian trajectory prediction research, including multi-modal trajec-

tory prediction (chapter 5), learning from 3D simulation (chapter 6), learning from enhanced

contextual cues (chapter 7, chapter 8, chapter 9), to name a few. This thesis also has poten-

tial impact on the computer vision perception direction, speci�cally on e�cient object detec-

tion and tracking (chapter 2), weakly-supvervised learning (chapter 3), and action recognition

(chapter 4). Below, we highlight the impact of our work in academia and industry.

Impact in Academia

ˆ Our work has been published at top conferences and journals including CVPR, TPAMI,

ECCV, AAAI, IJCAI, etc. As of June 2021, our work has received a total of more than 200

citations from all over the world.

ˆ Our work on using enhanced contextual cues for trajectory prediction (CVPR'19, chap-

ter 7) has received 140+ citations and it is one of the top-cited paper at CVPR 2019 in this

research �eld. Notably, many researchers have extended our work in terms of multi-task

learning for trajectory prediction [15, 175], action prediction [28, 108] and egocentric-

view trajectory prediction [19, 165, 172]. Our work has also inspired [232, 240] to propose

more e�cient models that are suitable for deployment and [28, 212, 252] have developed
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a new improved version of our work with graph models for single-future trajectory pre-

diction.

ˆ Our recent work on multimodal prediction and simulation dataset have also started to

gain momentum in the research community. Our Multiverse model (CVPR'20, chap-

ter 5) has inspired follow-up work to extend the use of grid occupancy maps[23, 60, 101,

161, 175, 189] and spatial-temporal graph attention [9, 14, 232] for multimodal trajec-

tory prediction. Our dataset using 3D simulation (chapter 5 and chapter 6) has enabled

[6, 147, 167] to work on this new problem setting for trajectory prediction and [144, 169]

have used our dataset for multimodal evaluation.

ˆ Most of our research work has been open-sourced and our Github repositories have a total

of 800+ stars and 300+ forks as of June 2021. Our chapter 7 work is #1 Tensor�ow-based

code on PaperWithCode2 in trajectory prediction task.

Impact in Industry

ˆ Our weakly-supervised work chapter 3 has won the TRECVID Ad-hoc Video Search

Challenge3, and our e�cient object detection and tracking work chapter 2 has won the

TRECVID Activities in Extended Videos Challenge. Our pedestrian trajectory prediction

work, which is related to tra�c safety and public safety, has won the NIST ASAPS chal-

lenge4 with a $30,000 prize.

ˆ Our trajectory prediction work has been implemented for a COVID-19 related project

called Social Distancing Early Forecasting System5 and we have received $6200 research

grant for this from Google Cloud.

ˆ Our e�cient object detection and tracking code (chapter 2) has been used by many com-

panies, including Paravision, iMotion Germany, Neosperience, etc.

Media Coverage

ˆ Our work on trajectory prediction has been reported by two major Chinese Tech outlet

and it received over 30,000 views in a week. Feb 14, 2019.

ˆ Our blog on pedestrian trajectory prediction has been mentioned and referenced by many

bloggers6.

2https://paperswithcode.com/task/trajectory-prediction
3https://trecvid.nist.gov/
4https://www.herox.com/ASAPS1/update/3483
5https://github.com/JunweiLiang/social-distancing-prediction
6https://medium.com/@junweil/social-distancing-early-forecasting-system-60186baa67f5
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1.6 Terminology

In this paper, we use the term �trajectory� and �path� interchangeably to refer to the ground-

level 2D positions of an agent (humans, vehicles, etc.) over a period of time. We refer to short-

term and long-term prediction to characterize prediction horizons of 3-5 seconds and 12 sec-

onds ahead, respectively. The �long-term� de�nition is consistent with recent publications in

the �eld [99, 186, 225]. We also use the term �actions� and �activities� interchangeably to refer

to a prede�ned set of human actions of various duration from public datasets (VIRAT [158], Ki-

netics [102], etc.). We use �intent�, �intention� and �goal� interchangeably to refer to a person's

latent, near-future (same time horizon as the prediction) objective or purpose that associates

with a physical destination and an action.
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Part I

Human Action Analysis
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In this part, we study the problem of human action analysis, including e�cient object de-

tection and tracking, and action recognition. For object detection and tracking, our goal is to

build an e�cient perception system that utilizes robust image object detection model and fast

traditional tracking method for extended videos (chapter 2). Our focus in this part is on action

recognition and detection. As human actions are diverse, it is impossible to collect training data

for all action classes. Therefore we �rst study weakly-supervised learning with massive video

data with weak labels from Internet platforms like YouTube (chapter 3). To enable better gen-

eralization of video action recognition models to all kinds of camera views, we then investigate

viewpoint-invariant representation learning (chapter 4).
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Chapter 2

E�cient Object Detection and Tracking

in Extended Videos

In this chapter, we study the problem of building an e�cient perception system for extended

videos, either from surveillance cameras or onboard cameras from self-driving cars. The per-

ception system, which includes object detection and tracking models, provides the basic inputs,

i.e., person and object tracklets, to action recognition and future prediction models in later chap-

ters. We study the object detection and tracking models for videos in the Activities in Extended

Videos Prize Challenge (ActEV) [8, 138]. With the availability of large-scale video surveillance

dataset such as VIRAT [158], ActEV seeks to encourage the development of real-time robust

automatic activity detection algorithms in surveillance scenarios. We aim to develop a robust

and e�cient object detection and tracking model trained on the MSCOCO dataset [136] as

the object annotations in the ActEV dataset are quite small compared to MSCOCO. Many im-

age object detection research works [41, 71] have been done on the MSCOCO dataset [136],

which includes 80 object classes. Compared to other object detection datasets including PAS-

CAL VOC dataset [53], MSCOCO has better annotations, with many more bounding boxes and

classes (The YouTube-BoundBox dataset [176] has more boxes than MSCOCO dataset but it is

not exhaustively annotated). We also study Tensor�ow [1] and TensorRT to build a perception

system that reaches faster-than-real-time relative processing speed with certain hardware re-

quirements. It is not our intention to develop State-of-the-Art (SOTA) object detection model

but instead to construct a framework for extended videos that we could easily swap the model

Code and models are released athttps://github.com/JunweiLiang/Object_Detection_

Tracking
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with the latest COCO-trained models (we have implemented Mask-RCNN [71] from 2017 and

E�cientDet [215] from 2020.)

2.1 Motivation

Figure 2.1: Example of the ActEV dataset. The videos are annotated with pedestrian and vehi-

cle tracklets with bounding boxes as well as the pedestrian's activities. For example, the two

persons at the bottom-left are labeled with �talking�.

In recent years, the volume of video data from widely deployed surveillance cameras has

grown dramatically. However, camera network operators are overwhelmed with the data to be

monitored, and usually cannot a�ord to view or analyze even a small fraction of their collec-

tions. To enable timely response for public safety and tra�c safety events, there is thus strong

incentive to develop fully-automated methods to identify and localize activities in extended

video collections and provide the capability to alert and triage emergent videos. These meth-

ods will alleviate the current manual process of monitoring by human operators and scale up

with the growth of sensor proliferation in the near future. With the availability of largescale

video surveillance dataset such as VIRAT [158], the Activities in Extended Videos Prize Chal-

lenge (ActEV) [8] seeks to encourage the development of real-time robust automatic activity

detection algorithms in surveillance scenarios. Speci�cally, an activity is de�ned to be �one

or more people (or vehicle) performing a speci�ed movement or interacting with an object or

group of objects�. Fig. 2.1 illustrates the �talking�, �open_trunk� and �pull� activities. A few

recent work applied a two-stage architecture for temporal action localization [43, 248], and

demonstrated competitive performance. In particular, R-C3D network [248] closely follows the

original Faster R-CNN [178] architecture but in the temporal domain. There are also several
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previous works [61, 77] focusing on online action detection or �ne-grained action detection

untrimmed Internet videos. However,these methods may not generalize to a more challeng-

ing spatial-temporal activity detection problem, which is central for extended video analysis in

surveillance videos and self-driving cameras. In this chapter, we describe our object detection

and tracking models to generate action proposals of our ActEV system.

2.2 E�cient Object Detection and Tracking

The activities of concern in ActEV are summarized in Table 2.1. These activities involve either

person or vehicle object, we use this prior knowledge to build the event proposal module start-

ing from the object detection step. The output of this step is person and vehicle bounding box

for each frame. The immediate natural next step is to associate detected object across frames,

which is tracking. The output of this step is person tracklet and vehicle tracklet.

Type Activities

Person-Only

Transport_HeavyCarry, Riding, Talking, Activity_carrying,

Specialized_talking_phone, Specialized_texting_phone,

Entering, Exiting, Closing, Opening

Vehicle-Only Vehicle_turning_left, Vehicle_turning_right, Vehicle_u_turn

Person-Vehicle Open_Trunk, Loading, Closing_trunk, Unloading

Table 2.1: Activity categorization on the ActEV dataset.

2.2.1 Object Detection

We utilize Mask-RCNN [71] with feature pyramid network [137] on ResNet [70] as the backbone

for object detection, in which RoIAlign [71] is used to extract features for Region-of-Interest. We

also experiment with the latest state-of-the-art E�cientDet [215] model. The object detection

models are trained on either MSCOCO [136] object detection training set or the VIRAT [158]

training set. We apply object detection on every k frame (we �nd 8 to be a good speed-and-

accuracy-trade-o� number) in the videos. Full resolution images (1920x1080) or HD resolution

(1280x720) images are input to the model to generate object bounding boxes.

Experimental Results. We �rst experiment with a number of variations of Mask-RCNN and

E�cientDet models on the VIRAT dataset, a representative dataset of extended videos, and the
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COCO-mAP
VIRAT-Person

Val-AP

VIRAT-Vehicle

Val-AP

VIRAT-Bike

Val-AP

MaskRCNN, R50-FPN 0.389 0.374 0.943 0.367

MaskRCNN, R101-FPN 0.407 0.378 0.947 0.399

E�cientDet-d2 0.425 0.371 0.949 0.293

E�cientDet-d6 0.513 0.422 0.947 0.355

MaskRCNN, R101-FPN* - 0.831 0.982 0.588

Table 2.2: Object detection evaluation on the VIRAT dataset. �*� is �netuned on the VIRAT

training set.

AVA-Kinetics [119] dataset, a recent action detection dataset based on Internet videos. In these

experiments, we mainly evaluate the �Person� and/or �Vehicle� object classes, as they are the

most dominant and useful classes for action detection and prediction.

Table 2.2 shows the object detection results on the VIRAT dataset. As we see, for MaskR-

CNN, Resnet-50 backbone and Resnet-101 backbone perform similarly on detection persons

and vehicles. Further �netuning helps tremendously on the VIRAT dataset. The E�cientDet

models are signi�cantly better than MaskRCNN overall on all 80 classes on the MS-COCO

dataset. However, on the three objects we focus on in the VIRAT dataset, the improvement is

not e�cient: especially for E�cientDet-d6, the computation cost is more than 2x compared to

MaskRCNN, R101-FPN.

Since our goal is to develop an e�cient object detection and tracking framework for ex-

tended videos, we experiment with di�erent infrastructure and di�erent code bases. As shown

in Table 2.3, we experiment with 3 machines, with di�erent GPUs, CPUs and I/O condition. In

Table 2.4, we show the experiments that we have run. We mainly test di�erent versions of Ten-

sor�ow as well as TensorRT acceleration on the VIRAT validation set, with about 206k images.

We use full resolution (1920x1080) inputs. The experiments are shown in Table 2.5. All these

runs produce the same object detection results. As we see, later version of Tensor�ow with

later version of CUDA improves speed signi�cantly. The frozen graph method in Tensor�ow

also helps. The TensorRT acceleration does not show signi�cant improvement with Tensor�ow

version 1.14. In conclusion, it is enough to use frozen graph of Tensor�ow models for object

detection inferencing. Other ways to increase speed include using lower resolution input im-

ages and smaller backbone like Resnet-50, but these methods will lead to a decrease in detection

average precision.
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Machine Type

Machine 1 2 GTX 1080 TI, i7, nvme

Machine 2 3 GTX 1080 TI + 1 TITAN X, E5, nvme

Machine 3 4 RTX 2080 TI , i9-9900X, SSD

Table 2.3: Machine types that we use to test object detection model speed.

Run

1 tf 1.10 (CUDA 9, cudnn 7.1), Variable Model

2 tf 1.13 (CUDA 10.0 cudnn 7.4), Variable Model

3 tf 1.13 (CUDA 10.0 cudnn 7.4), Frozen Graph (.pb)

4 tf 1.13 (CUDA 10.0 cudnn 7.4), Frozen Graph (.pb) ->TensorRT Optimized

5 tf 1.14.0 (CUDA 10.0 cudnn 7.4), Variable Model

6 tf 1.14.0 (CUDA 10.0 cudnn 7.4), Frozen Graph (.pb)

7 tf 1.14.0 (CUDA 10.0 cudnn 7.4), Frozen Graph (.pb) ->TRT FP32

8 tf 1.14.0 (CUDA 10.0 cudnn 7.4), Frozen Graph (.pb) ->TRT FP16

Table 2.4: Experiments that we run to test the model speed on VIRAT.
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Run Machine # GPU Used GPU Average Utilization Per GPU FPS

1 1 2 65.3% 2.5

2 1 2 62.0% 2.72

2 2 4 33.8% 1.76

3 2 4 23.5% 1.95

3 2 2 38.0% 2.87

2 2 1 41.4% 2.78

3 2 1 54.8% 3.56

2 2 1*4 46.2% 2.94

3 2 1*4 52.3% 3.54

5 2 1*4 53.2% 3.03

6 2 1*4 61.7% 3.84

7 2 1*4 61.0% 3.93

8 2 1*4 52.6% 3.89

2 3 1 61.2% 3.57

3 3 1 61.2% 4.74

2 3 1*4 62.6% 3.65

3 3 1*4 65.2% 4.83

Table 2.5: Speed experiments on VIRAT with the MaskRCNN model. �1*4� means 4 inference

processes are run concurrently, where one process utilizes one GPU.

COCO-mAP
AVA-Kinetics

Train-Person-AP

AVA-Kinetics

Val-Person-AP

MaskRCNN, R101-FPN 0.407 0.664 0.682

E�cientDet-d2 0.425 0.650 0.680

E�cientDet-d6 0.513 0.623 0.658

MaskRCNN, R101-FPN* - 0.735 0.732

Table 2.6: Person detection evaluation on the AVA-Kinetics dataset. �*� is �netuned on the

AVA-Kinetics training set.
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Models Recall (%) Precision (%) ID switches MOTA (%) MOTAL (%)

KCF 93.5 97.1 2519 91.3 90.5

deep SORT 95.2 96.5 909 91.7 91.8

Table 2.7: Results of multi-object tracking algorithms in the validation set of VIRAT dataset.

Table 2.6 shows the person detection results on the AVA-Kinetics dataset. As we see, even

though the E�cientDet models perform better than MaskRCNN on COCO mean average pre-

cision over all 80 object classes, MaskRCNN is better on person detection on the AVA-Kinetics

dataset. Further �netuning improves further. In later chapter 4, we will utilize the �netuned

model for action detection experiments.

2.2.2 Object Tracking

We compare the performance of deep SORT [239] and kernelized correlation �lter (KCF) [73].

As shown in Table 2.7, deep SORT outperforms KCF for all the metrics except precision. As the

tracking module is used to generate tracklets which are proposal candidates, we expect a high

recall and low ID switches with a comparable precision. The results are reported in Table 2.7.

In the �nal system, we utilize deep SORT [239] to generate tracklets by associating detected ob-

jects across frames. We follow a similar track handling and Kalman �ltering framework [73].

We use bounding box center positions, aspect ratio, height and their respective velocities in

image coordinates as Kalman states. We compute the Mahalanobis distance between predicted

Kalman states and newly arrived measurement to incorporate motion information. For each

bounding box detection, we use the feature obtained from object detection module as a appear-

ance descriptor (either from the Resnet backbone or the E�cientNet backbone). We compute

the cosine distance between tracks and detections in appearance space. To build the association

problem, we combine both metrics using a weighted sum. An association is de�ned admissible

if it is within the gating region of both metrics.

2.2.3 E�cient Processing

Our system uses Python Queues to preprocess videos with CPUs while allowing GPUs to run

inference on multiple images at the same time. See Figure 2.2. With parallel processing threads,

we are able to leverage CPUs and GPUs e�ciently.

Experiment . We conduct an experiment on a machine with a GTX 1070 TI GPU, i7-8700K

21



Figure 2.2: Example of the e�cient processing pipeline.

CPU and SSDs. We use the FPN-ResNet50 object detection model. We run object detection

and tracking on a 5-minutes video of 1280x720 resolution. Results are shown in Table 2.8.

�var�, �frozen�, �partial� means variable, frozen, partial (only output �Person� and �Vehicle�

objects) object detection model, respectively. See section 2.2.1 for more details on the di�erent

type of Tensor�ow models. �m� means running the system with the aforementioned parallel

processing method. As we see, the total processing time is reduced from 6 minutes to 2 minutes.

In Figure 2.3 and Figure 2.4, we show the CPU and GPU utilization graph for �b=1 frozen,partial�

and �b=8 frozen,partial,m� experiments, respectively. As we see, the usage of the system is

improved signi�cantly.

RunType Time GPU Median Utilization GPU Average Utilization

b=1 var 06:21 53.00% 54.24%

b=1 frozen 05:06 34.50% 36.30%

b=1 frozen,partial 03:43 57.00% 49.55%

b=8 var 04:27 00.00% 2.35%

b=8 frozen 03:12 62.00% 53.37%

b=8 frozen,partial 03:07 75.50% 62.11%

b=8 var,m 03:29 100.00% 73.45%

b=8 frozen,m 02:14 67.00% 63.69%

b=8 frozen,partial,m 02:08 99.00% 83.83%

Table 2.8: E�cient object detection and tracking experiments.
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Figure 2.3: CPU and GPU utilization graph for b=1 frozen,partial experiment. See text for details

2.3 Contributions

Our object detection and tracking system is a fundamental component for the rest of the thesis.

This system also supports multi-view person/vehicle long-term tracking with re-identi�cation

models. This system is used in our submission to the Activities in Extended Videos Prize

Challenge (ActEV) [8, 138], where we achievesbest performance on the leaderboard. This

part of the thesis has been open-sourced athttps://github.com/JunweiLiang/

Object_Detection_Tracking . As of June 2021, this repository receives240stars and

82 forks, with a weekly tra�c of 200viewers and a dozen downloads.
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Figure 2.4: CPU and GPU utilization graph for b=8 frozen,partial,m experiment. See text for

details
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Chapter 3

Weakly-supervised Action Event

Recognition

Learning detectors that can recognize concepts, such as people actions in video content is an in-

teresting but challenging problem for human behavioral analysis. However, as human actions

are diverse and combination of atomic actions can lead to an exponential amount of action

classes, it is often di�cult to have su�cient human-annotated training data for action recog-

nition and detection. In this chapter, we present our work on webly-labeled learning with

multimodal video data [123, 126, 127] to tackle the challenge of not enough manual annota-

tions for action recognition. In the next chapter (chapter 4), we propose viewpoint-invariant

feature representation learning for action recognition and detection that could be generalized

to multiple action datasets.

3.1 Motivation

Millions of videos are being uploaded to the Internet every day. These videos capture di�erent

aspects of multimedia content about our daily lives. Automatically categorizing videos into

concepts, such as people actions, events, etc., is an important topic. Recently many studies

have been proposed to tackle the problem of concept learning [2, 46, 92, 100, 122, 133].

Many datasets acquire the clean concept labels via annotators. These datasets include Ima-

geNet [46], TRECVID MED [159] and FCVID [95]. Collecting such datasets requires signi�cant

human e�ort, which is particularly expensive for video data. As a result, the labeled video

collection is usually much smaller than the image collection. For example, FCVID [95], only

contains about 0.09 million labels on 239 concept classes, much less than the 14 million labels
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Figure 3.1: Overview of Multi-modal WEbly-Labeled Learning (WELL-MM). The algorithm

jointly models the prior knowledge extracted from web labels and the current learned model

at each iteration to overcome the noise labels.f x i gn
i =1 are input samples and their current

weights are determined byf v i gn
i =1 . Colored samples are the samples with nonzero weights at

the current iteration. The blue line indicates the feedback from the previous objective function

value.

on over 20,000 classes in the image collection ImageNet [46]. On the other hand, state-of-the-art

concept models utilize deep neural networks [100], which need more data to train. However,

training only on manually labeled clean data seem insu�cient for large-scale concept learning.

Images or videos on the web often contain rich contextual information, such as their titles

or descriptions. We can infer the label by the metadata. Fig. 3.2 shows an example of a video

with inferred concept label �walking a dog�. In this chapter, we call the samples with inferred

labelsweakly labeledor webly labeled. The webly-labeled data are easy to collect and thus

usually orders-of-magnitude larger than manually-labeled data. However, the web labels are

very noisy and have both low accuracy and low recall.

Concept learning over weakly labeled data becomes popular as it allows for large-scale

learning on big data. However, these methods have only focused on utilizing a single text

modality to model the noisy labels [33, 123]. For example, in Fig. 3.2, the textual metadata

is useful but also contain lots of noises. In fact, the video is of multiple modalities and our

intuition is that the inference obtained from multiple modalities is more reliable than that from

a single text modality. For example, we can more con�dent to say this video is about �walk a

26



dog� if we spot the text in the title, hear the words �good boy� in the speech, and see a dog in

some key frames. To this end, we can leverage the prior knowledge in automatically extracted

multi-modal features from the video content such as pre-trained still image detectors, automatic

speech recognition and optical character recognition. In some cases when videos have little

textual metadata, multi-modal knowledge become the only useful clues in concept learning.

Recent studies on weakly labeled concept learning show promising results. However, since

existing approaches only focuses on a single modality, two important questions have yet: 1)

what are the important multi-modal prior knowledge, except textual metadata, for modeling

noisy labels? 2) how to integrate the multiple modalities into concept learning in a theoretically

sound manner?

In this chapter, to utilize multi-modal prior knowledge for concept learning, we propose a

learning framework calledMulti-modal WEbly-Labeled Learning (WELL-MM) . The learn-

ing framework is motivated by human learning, in which the learner starts from learning eas-

ier aspects of a concept, and then gradually take more complex examples into the learning

process[13, 91, 111]. Speci�cally. WELL-MM learns a concept detector iteratively from �rst

using a few samples with more con�dent labels, then gradually incorporate more samples with

noisier labels. Fig. 3.1 shows the overview of the proposed framework. The algorithm integrates

multi-modal prior knowledge, which is derived from the multi-modal video and image features,

into the dynamic learning procedure. The idea of curriculum and self-paced learning paradigm

has been proved to be e�cient to deal with noise and outliers [33, 111]. Our proposed method

is the �rst to generalize the learning paradigm to leverage multi-modal prior knowledge into

concept learning. Experimental results show that multi-modal prior knowledge is important

in concept learning over noisy data. The proposed WELL-MM outperforms other weakly la-

beled learning methods on three real-world large-scale datasets, and obtains the state-of-the-art

results with recent deep learning models.

The contribution of this chapter is threefold. First, we propose a novel solution to address

the problem of weakly labeled data learning through a general framework that considers multi-

modal prior knowledge. We show that the proposed WELL-MM not only outperforms state-of-

the-art learning methods on noisy labels, but also, notably, achieves comparable results with

models trained using manual annotation on one of the video dataset. Second, we provide valu-

able insights by empirically investigating di�erent multi-modal prior knowledge for modeling

noisy labels. Experiments validate that by incorporating multi-modal information, our method

is robust against certain levels of noisiness. Finally, the e�cacy and the scalability have been

demonstrated on three public large-scale benchmarks, which include datasets on both Internet
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Figure 3.2: Multi-modal prior knowledge from web video.

videos and images. The promising results suggest that detectors trained on su�cient weakly

labeled videos may outperform detectors trained on existing manually labeled datasets.

3.2 Multi-modal WEbly-Labeled Learning (WELL-MM)

3.2.1 Problem Description

In this chapter, following [228], we consider a concept detector as a classi�er and our goal

is to train concept detectors from webly-labeled video data without any manually annotated

labels. Given a collection of training samples with noisy labels, we do not make any assump-

tion over the underlying noise distribution. Formally, we represent the training set asD =

f (x i ; zi ; ~y i )gn
i =1 , where f x1; � � � ; xng are the d-dimensional features of the training set, and

f z1; � � � ; zng represent each sample's corresponding noisy web labels. We assume that the

noisy labels are given. The noisy web labels are often automatically inferred using the sample's

textual metadata provided by its uploader, or from other modalities such as pre-trained convo-

lutional neural network over still images[27], Automatic Speech Recognition [166], or Optical

character recognition [203]. For example, for instance, a video might have a noisy label �cat�

as its title and speech both contain the word cat. The~y i � Y is the inferred concept label set
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