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ABSTRACT OF THE DISSERTATION
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by
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Professor Song-Chun Zhu, Chair

This dissertation proposes new computational frameworks to address three core challenges for

social scene understanding – group activity parsing, human-robot interactions, and perception of

animacy. The goal of these frameworks is to represent the underlying structure of social scenes

and to unify the perception and concept learning of both physics and social behaviors. For this, we

first develop a joint parsing of group activities that yields a hierarchical representations of groups,

events, and human roles, which provides a holistic view of a social scene. In a follow up work,

the idea of joint parsing is also shown to be effective for boosting the performance of deep neural

networks on group activity recognition. Second, we formulate social affordances as a hierarchical

representation of human interactions, which can be learned from a handful of RGB-D videos of

human interactions. Based on the symbolic plans derived from the learned knowledge, we further

design a real-time motion inference to enable motion transfer from human interactions to human-

robot interactions, which generalizes well in unseen social scenarios. Finally, we study human

perception of animacy by designing new approaches to generate Heider-Simmel animations and

by developing new computational models to account for human physical and social perception.

Particularly, we propose a unified framework for modeling physics and social behaviors through i)

a joint physical-social simulation engine, ii) a joint physical and social concept learning as the pur-

suit of generalized coordinates and their potential energy functions, and iii) a unified psychological

space that integrates intuitive physics and intuitive psychology.
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CHAPTER 1

Introduction

In the past a few decades, physical scene understanding has been one of the most fundamental areas

in AI research. Thanks to the recent progress, we now can build machines that achieve impres-

sive (sometimes even super human) performance for detecting and recognizing objects [HZR16,

HLV17, HGD17] and their relations [XZC17, JHM17, MGK19], for parsing, reconstructing, and

reasoning 3D scenes [ZZ13, SGS13, HZC13, KLD14, LZZ17, ZLH17, ZCS18, HQZ18, HQX18],

for learning intuitive physics [WYL15, LGF16, WLK17], and for many other aspects of under-

standing physical worlds.

However, understanding physical scenes by no means provides the full picture of modeling and

reasoning the real human world, as humans not only see and reason about the physical objects in

the world (i.e., physical perception), but also watch other humans' behaviors and try to understand

their minds (i.e., social perception). In fact, as J. J. Gibson argued, “The richest and most elaborate

affordances of the environment are provided by ... other people.” [Gib79] In other words, we

as humans need to understand the behaviors and mental states of other humans for our everyday

activities. This also applies to machine agents (e.g., a service robot) if we want them to interact

with humans, which calls for research on social scene understanding, an under-explored area of AI

research focusing on building machines that are capable of understanding humans' behaviors and

minds.

Consider the coffee shop scene captured in Figure 1.1. Various physical scene understanding

models can offer us a large amount of details about the objects and their 3D layout in the room. By

running state-of-the-art computer vision models [JKF16], we may even obtain reasonably accurate

text descriptions of the physical properties or attributes of these objects as shown in the �gure.

There are also descriptions of simple actions taken by the humans, but they were treated in the
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Figure 1.1: A coffee shop scene with dense captions generated by a computer vision model (from

[JKF16]).

same manner as listing the attributes of objects. However, instead of simply accumulating these

basic facts of this scene, humans usually future infer less obvious information hidden in the image

– e.g.,two friends/co-workers are chatting while drinking coffee; a brista is serving an customer

while another customer is waiting in line. Such hidden messages constitute a social understanding

of the observed scene. We can clearly see from this example that different from the extremely

detailed picture drawn by the physical scene understanding, social scene understanding composes

more abstract and high-level descriptions about what we can see.

In addition to the ability of constructing concise and structured interpretation of social scenes

from rich visual information demonstrated in the above example, decades of studies on social

perception reveals that humans can also extract rich social signals from very little input. The most

well-known study is probably [HS44]. In 1940s, two psychologists, Heider and Simmel, created a

short movie of three simple geometric shapes (a big triangle, a small triangle, and a circle) moving

around a box, which is known as the Heider-Simmel animation (Figure 1.2). In their original

experiments, they showed the animation to human subjects and asked them to describe it. Almost

all of the subjects gave an anthropomorphic description – they were able to tell vivid and diverse
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Figure 1.2: A snapshot of the original Heider-Simmel animation (from [HA04]).

Figure 1.3: Planning body movement when opening a door by following necessary social etiquette

(from [HT18]).

stories involving characters with distinct personalities, intents, and relations, even though all they

saw was simple motion of some geometric shapes. In contrast, it is not dif�cult to imagine that

state-of-the-art computer vision models that can beat humans on recognizing objects (e.g., ResNet

[HZR16]) may only yield the most literal interpretation of this animation (i.e., shapes and their

motion) without developing much meaningful social understanding.

Just like our understanding of the physical world, social scene understanding also helps shape

our behaviors by providing crucial information such as the mental states of other humans which

can not be acquired otherwise. For instance, as a basic social etiquette, we should hold the door if

we predict that someone else is also trying to go through the same door. As shown in Figure 1.3, to

follow this etiquette, we plan our body motion not only by assessing the physical scene (e.g., the

position, size and type of the door), but also by inferring the intents, gender, age, physical strengths,

and other nuanced information of other people. An agent without suf�cient social understanding
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of its surrounding environment will surely fail to behave in a socially appropriate way.

Inspired by humans' remarkable social perception and its critical in�uence on our behaviors in

the real world, this dissertation aims to study how to build computational models that can construct

interpretable and structured representations of social scenes and how to incorporate such represen-

tations into the decision making process of a robot when interacting with humans. Furthermore,

we also take a deep look into how humans integrate the perception of physical and social scenes,

and how we can develop a joint modeling of physical laws and social behaviors.

In summary, this dissertation studies three core problems in social scene understanding: group

activity parsing, human-robot interactions, and perception of animacy. We summarize the contri-

butions of this dissertation on these three problems as follows.

� Group Activity Parsing . Prior work on social scene understanding in videos has mostly

focused on group activity recognition, which is essentially de�ned as video recognition –

given a short video clip of human activities, a model predicts the activity label of this clip as

a whole [CSS09, LWY12]. This is clearly far from the true understanding of social scenes.

So what is social scene understanding? What are the fundamental elements in a social scene

that a computational model should reason about? In Chapter 2, we attempt to offer an an-

swer by proposing a new framework for parsing group activities in long videos. Speci�cally,

we argue that a holistic understanding of social scenes should include a joint inference of

three key elements: i) social groups, ii) events that people in each social group engage in,

and iii) roles of the group members. For this, we propose spatiotemporal AND-OR graph

(ST-AOG), a stochastic grammar model, as a hierarchical representation of the three key

elements to model long-term spatiotemporal patterns in group activities. For evaluation, we

compiled the �rst aerial event dataset that includes multiple social activities in an open space.

The experimental results suggest that the joint inference of groups, events, and roles results

in a more complete and longer-term understanding of observed social scenes and also im-

proves the parsing accuracy of each individual element. Chapter 3 further incorporates the

joint inference to structured deep neural networks (DNNs) through an energy-based model,

which demonstrates a performance boost compared to the standard feed-forward predictions
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from DNNs. Such advantage is particularly signi�cant when we only have limited training

examples and/or the input is noisy. In fact, this is the �rst DNN-based model that outper-

forms conventional approaches that rely on hand-crafted features on the Collective Activity

dataset [CSS09].

� Human-Robot Interactions. With the recent progress in robotics, robots now have been

able to perform many complex tasks for humans. As a result, it is inevitable that the robots

will interact with humans in various social situations, such as service robots taking care

of elderly people, robot co-workers collaborating with humans in a workplace, or simply

a robot navigating through human crowds. Similar to human social interactions, human-

robot interactions (HRI) must also follow certain social etiquette or social norms, in order

to make humans comfortable. To this end, we propose the �rst computational framework

to learn social affordances (i.e., suitable actions to take when interacting with humans in

social activities) from a handful of human interaction videos as demonstrations (Chapter 4).

We then represent the learned social affordances in the form of spatiaotemporal stochastic

grammar, based on which we may generate robot plans to transfer human-human interac-

tions into human-robot interactions (Chapter 5). To our knowledge, this is the �rst work on

learning transferable knowledge (i.e., social affordances) from observing human interactions

for enabling human-robot social interactions.

� Perception of Animacy. Heider and Simmel's pioneering work poses many unsolved ques-

tions about human's perception of animacy: How humans judge whether an entity in Heider-

Simmel animations is an animated agent or a physical object? Do they use ad-hoc visual

cues [DL94, ST00, TF00, TF06, GNS09, GMS10] or do they try to reason about the men-

tal states (intents, desires, beliefs) of agents [BST09, UBM10]? What is the connection

between physical perception (or intuitive physics) and social perception (or intuitive psy-

chology)? Is there a principled way to jointly model both physical perception and social

perception? There have been many research efforts devoted to these questions. However,

so far we haven't had clear answers to them. This dissertation attempts to address ques-

tions from a computational perspective – designing computational models that account for
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humans' perception of animacy (Chapter 6 and Chapter 7). In particular, we are interested

in bridging physical perception and social perception in a uni�ed framework. For this, we

propose new approaches for i) automatically generating Heider-Simmel animations with rich

and realistic behaviors by building a joint physical-social simulation engine, for ii) learning

physical and social concepts by a uni�ed paradigm, and for iii) constructing a joint repre-

sentation of human perception of both physical and social events. Through multiple human

experiments, we demonstrate that our uni�ed framework indeed can discover a distribution

of human perception of physical and social events in a uni�ed psychological space, which

sheds light on how to integrate intuitive physics and intuitive psychology.
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CHAPTER 2

Joint Inference of Groups, Events and Human Roles in Aerial

Videos

2.1 Introduction

2.1.1 Motivation and Objective

Video surveillance of large spatial areas using unmanned aerial vehicles (UAVs) becomes increas-

ingly important in a wide range of civil, military and homeland security applications. For ex-

ample, identifying suspicious human activities in aerial videos has the potential of saving human

lives and preventing catastrophic events. Yet, there is scant prior work on aerial video analysis

[KGS13, IRF13, PG14], which for the most part is focused on tracking people and vehicles (with

few exceptions [OMS10]) in relatively sanitized settings.

Towards advancing aerial video understanding, we present a new problem of parsing extremely

low-resolution aerial videos of large spatial areas, such as picnic areas rich with co-occurring group

events, viewed top-down under camera motion, as illustrated in Figure 2.1 and 2.2. Given an aerial

video, our objectives include:

1. Grouping people based on their events;

2. Recognizing events present in each group;

3. Recognizing roles of people involved in these events.
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Figure 2.1: Our low-resolution aerial videos show top-down views of people engaged in a number

of concurrent events, under camera motion. Different types of challenges are color-coded. The red

box marks a zoomed-in video part with varying dynamics among people and their rolesDeliverer

andReceiverin Exchange Box. The green marks extremely low resolution and shadows. The blue

indicates only partially visibleCar. The cyan marks noisy tracking of person and the small object

Frisbee.
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2.1.2 Scope and Challenges

As illustrated in Figure 2.1, we focus on videos of relatively wide spatial areas (e.g., parks with

parking lots) with interesting terrains, taken on-board of a UAV �ying at a large altitude (25m) from

the ground. People in such videos are formed into groups engaged in different events, involving

complexn-ary interactions among themselves (e.g., aGuideleadingTourists in Group Tour), as

well as interactions with objects (e.g.,Play Frisbee). Also, people play particular roles in each

event (e.g.,DelivererandReceiverroles inExchange Box).

1. Low resolution. People and their portable objects are viewed at an extremely low resolution.

Typically, the size of a person is only15 � 15 pixels in a frame, and small objects critical for

distinguishing one event from another may not be even distinguishable by a human eye.

2. Camera motion makes important cues for event recognition (e.g., object likeCar) only

partially visible or even out of view, and thus may require seeing longer video footage for their

reliable detection.

3. Shadows in top viewmake background subtraction very challenging.

Unfortunately, popular appearance-based approaches to detecting people and objects used to

produce input for recognizing group events and interactions [PES09, CS14, RA11, LSM12, RYF13,

FHR12] do not handle the above three challenges. Thus we have to depart from the appearance-

based event recognition.

In addition, in the face of these challenges, the state of the art methods in people and vehicle

tracking frequently miss to track moving foreground, and typically produce short, broken tracklets

with a high rate of switched track IDs.

4. Space-time dynamics.Our events are characterized by both very large and very small

space-time dynamics within a group of people. For example, in the event of a line forming in

front of a vending machine, calledQueue for Vending machine, the participants may be initially

scattered across a large spatial area, and may form the line very slowly, while partially occluding

one another when closely standing in the line.
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Figure 2.2: The main steps of our approach. Our recognition accounts for the temporal layout of

latent sub-events, people's roles within events (e.g.,Guide, Visitor), and small objects that people

interact with (e.g.,Box, trash bin). We iteratively optimize groupings of the foreground trajectories,

infer their events and human roles (color-coded tracks) within events.

2.1.3 Overview of Our Approach

As Figure 2.2 illustrates, our approach consists of two main steps:

1. Preprocessing.We ground our approach onto noisy detections and tracking. Foreground

tracking under camera motion is made feasible by registering video frames onto a reference plane.

By frame registration, we generate a panorama for scene labeling. Due to the challenges men-

tioned in Section 2.1.2, tracking of small portable objects and people produces highly unreliable

frequently broken tracklets, with a high miss rate. We improve the initial tracking results by ag-

glomeratively clustering tracklets into longer trajectories based on their spatial layout and velocity.

We detect large objects (e.g.. buildings, cars) using the approach of [RPZ13], and classify super-

pixels [ASS12] of the panorama for scene labeling.

2. Inference. We seek event occurrences in the space-time patterns of the foreground trajec-

tories and their relations with the detections of objects in the scene. To constrain our recognition

hypotheses under uncertainty, we resort to domain knowledge represented by a probabilistic gram-

mar – namely, a spatiotemporal AND-OR graph (ST-AOG). ST-AOG encodes decompositions of

events into temporal sequences of sub-events. Sub-events are de�ned by our new formalism called

latent spatiotemporal templatesof n-ary relations among people and objects. The templates jointly
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encode varying spatiotemporal relations of characteristic roles of all people, as well as their inter-

actions with objects, while engaged in the event.

We specify an iterative algorithm based on Markov Chain Monte Carlo (MCMC [KL12]) along

with dynamic programming (DP) to jointly infer groups, events and human roles.

2.1.4 Prior Work and Our Contributions

Our work is related to three research streams.

Event Recognition in Aerial Videos. Prior work on aerial image and video understanding

typically puts restrictions on their settings for limited tasks. For example, [PA12] requires robust

motion segmentation and learning of object shapes for tracking objects; [IRF13] recognizes people

based on background subtraction and motion; and [PG14] depends on appearance-based regressor

and background subtraction for tracking vehicles. Regarding the objectives, these approaches

mainly focus on detecting and tracking people or vehicles [XCS10, OMS10, KGS13]. We advance

prior work by relaxing their assumptions about the setting, and by extending their objectives to

jointly infer groups, events, human roles.

Group Activity Recognition. Simultaneous tracking of multiple people, discovering groups

of people, and recognizing their collective activities have been addressed only in every-day videos,

rather than aerial videos [CSS09, RA11, LWY12, GCR12, LPZ13, CS14, CCP14, AO14, SAL14,

TML14]. Also, work on recognizing group activities in large spatial scenes requires high-resolution

videos for a “digital zoom-in” [AXZ12]. As input, these approaches use person detections along

with cues about human appearance, pose, and orientation — i.e., information that cannot be re-

liably extracted from our aerial videos. There are also some trajectory-based methods for event

recognition [NZH03, SHJ14, LXG12], but they focus on simpler events compared to what we dis-

cuss in this chapter. Regarding the representation of collective activities, prior work has used a

descriptor of human locations and orientations, similar to shape-context [CS14, AO14]. We ad-

vance prior work with our new formalism of latent spatiotemporal template of human roles and

their interactions with other actors and objects.

Recognition of Human Roles. Existing work on recognizing social roles and social in-
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teractions of people typically requires perfect tracking results [RYF13], reliable estimation of

face direction and attention in 3D space [FHR12], detection of agent's feet location in the scene

[ZHY11], and thus are not applicable to our domain. Our approach is related to recent approaches

aimed at jointly recognizing events and social roles by identifying interactions of sub-groups

[GCR12, LPZ13, LSM12, KHH13].

Contributions:

1. Addressing a more challenging setting of aerial videos;

2. New formalism of latent spatiotemporal templates ofn-ary relations among human roles and

objects;

3. Ef�cient inference using dynamic programming aimed at grouping, recognition and localiz-

ing temporal extents of events and human roles

4. New dataset of aerial videos with per-frame annotations of people's trajectories, object la-

bels, roles, events and groups.

2.2 Representation

2.2.1 Representing of Group Events by ST-AOG

Similar with hierarchical representation in [GSS09, LGL09, PSY13, PR14], domain knowledge

is formalized as ST-AOG, depicted in Figure 2.3. Its nodes represent the following four sets of

concepts: events� E = f E i g; sub-events� L = f Lag; human roles� R = f Rj g; small objects that

people interact with� O = f Oj g; and large objects and scene surfaces� S = f Sj g. A particular

pattern of foreground trajectories observed in a given time interval gives rise to a sub-event, and a

particular sequence of sub-events de�nes an event.

Edges of the ST-AOG represent decomposition and temporal relations in the domain. In par-

ticular, the nodes are hierarchically connected by decomposition edges into three levels, where the

root level corresponds to events, middle level encodes sub-events, and leaf level is grounded onto

foreground tracklets and object detections in the video. The nodes of sub-events are also laterally
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Figure 2.3: A part of ST-AOG forExchange Box. The nodes are hierarchically connected (solid

blue) into three levels, where the root level corresponds to events, middle level encodes sub-events,

and leaf level is grounded onto foreground tracklets and small static objects in the video. The

lateral connections (dashed blue) indicate temporal relations of sub-events. The colored pie-chart

nodes represent templates ofn-ary spatiotemporal relations among human roles and objects (see

Figure 2.4). The magenta edges indicate an inferred parse graph which recognizes and localizes

temporal extents of events, sub-events, human roles and objects in the video.
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connected for capturing “followed-by” temporal relations of sub-events within the corresponding

events.

ST-AOG has special types of nodes. An AND node,^ , encodes a temporal sequence of latent

sub-events required to occur in the video so as to enable the event occurrence (e.g., in order to

Exchange Box, theDeliverers �rst need to approach theReceivers, give theBoxto theReceivers,

and then leave). For a given event, an OR node,_, serves to encode alternative space-time patterns

of distinct sub-events.

2.2.2 Sub-events as Latent Spatiotemporal Templates

A temporal segment of foreground trajectories corresponds to a sub-event. ST-AOG represents

a sub-event as thelatent spatiotemporal template ofn-ary spatiotemporal relations among fore-

ground trajectories within a time interval, as illustrated in Figure 2.4. In particular, as an event

is unfolding in the video, foreground trajectories form characteristic space-time patterns, which

may not be semantically meaningful. As they frequently occur in the data, they can be robustly

extracted from training videos through unsupervised clustering. Our spatiotemporal templates for-

malize these patterns within the Bayesian framework using unary, pairwise, andn-ary relations

among the foreground trajectories. In addition, our unsupervised learning of spatiotemporal tem-

plates address unstructured events in a uni�ed manner. Namely, more structured events need more

templates and an unstructured one is represented by a single template.

Unary attributes. A foreground trajectory,� = [� 1; :::; � k ; :::], can be viewed as spanning

a number of time intervals,� k = [ tk� 1; tk ], where� k = �( � k). Each trajectory segment,� k , is

associated with unary attributes,� = [ r k ; sk ; ck ]. Elements of the role indicator vectorr k(l ) = 1

if � k belongs to a person with rolel 2 � R or object classl 2 � O; otherwiser k(l ) = 0 . The speed

indicatorsk = 1 when the normalized speed of� k is greater than a threshold (we use 2 pixels/sec);

otherwise,sk = 0. Elements of the closeness indicator vectorck(l ) = 1 when� k is close to any

of the large objects or types of surfaces detected in the scene indexed byl 2 � S, such asBuilding,

Car, for a threshold (70 pixels); o.w.,ck(l ) = 0 .

Pairwise relations. of a pair of trajectory segments,� k
j and� k

j 0, are aimed at capturing spa-
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Figure 2.4: Three example templates ofn-ary spatiotemporal relations among foreground trajec-

tories extracted from the video (XYT-space) for the eventExchange Box. The recognized roles

Deliverers, Receiversand the objectBox in each template are marked cyan, blue and purple, re-

spectively. Spatiotemporal templates are depicted as colored pie-chart nodes in Figure 2.3.
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tiotemporal relations of human roles or objects represented by the two trajectories, as illustrated

in Figure 2.4. The pairwise relations are speci�ed as:� jj 0 = [ dk
jj 0; � k

jj 0; r k
jj 0; sk

jj 0; ck
jj 0], wheredk

jj 0

is the mean distance between� k
j and � k

j 0; � k
jj 0 is the angle subtended between� k

j and � k
j 0; and

the remaining three pairwise relations check for compatibility between the aforementioned binary

relations as:r k
jj 0 = r k

j � r k
j 0, sk

jj 0 = sk
j � sk

j 0, ck
jj 0 = ck

j � ck
j 0, where� denotes the Kronecker

product.

n-ary relations. Towards encoding unique spatiotemporal patterns of a set of trajectories, we

specify the followingn-ary attribute. A set of trajectory segments,Gi (� k) = Gk
i = f � k

j g, can be

described by a 18-bin histogramh k of their velocity vectors.h k counts orientations of velocities

at every point along the trajectories in a polar coordinate system: 6 bins span the orientations

in [0; 2� ], and 3 bins encode the locations of trajectory points relative to a given center. As the

polar-coordinate origin, we use the center location of a given event in the scene.

Unsupervised Extraction of Templates.Given training videos with ground-truth partition of

all their ground-truth foreground trajectoriesG into disjoint subsetsG = f Gi g. EveryGi can be

further partitioned into equal-length time intervalsGi = f Gk
i g (j� k j = 2sec). We use K-means

clustering to group allf � k
i;j g, and then estimate spatiotemporal templatesf Lag as representatives

of the resulting clustersa. For K-means clustering, we use ground-truth values of the aforemen-

tioned unary and pairwise relations off � k
i;j g. In our setting of 11 categories of events occurring in

aerial videos, we estimatej� L j = 27 templates.

2.3 Formulation and Learning of Templates

Given the spatiotemporal templates,� L = f Lag, extracted by K-means clustering from train-

ing videos (see Section 2.2.2), we will conduct inference by seeking these latent templates in

foreground trajectories of the new video. To this end, we de�ne the log-likelihood of a set of

foreground trajectoriesG = f � j g givenLa 2 � L as

logp(GjLa) /
X

j

w 1
a � � j +

X

jj 0

w 2
a � � jj 0 + w 3

a � h ;

= wa � [
X

j

� j ;
X

jj 0

� jj 0; h ] = wa �  :
(2.1)
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where the bottom equation of (2.1) formalizes every template as a set of parameterswa = [ w 1
a; w 2

a; w 3
a]

appropriately weighting the unary, pairwise andn-ary relations ofG,  . Recall that our spatiotem-

poral templates are extracted from unit-time segments of foreground trajectories in training. Thus,

the log-likelihood in Eq. (2.1) is de�ned only for setsG consisting of unit-time trajectory segments.

From Eq. (2.1), the parameterswa can be learned by maximizing the log-likelihood off  k
ag

extracted from the corresponding clustersa of training trajectories.

The log-posterior of assigning templateLa to longer temporal segments of trajectories, falling

in � = ( t0; t), t0 < t , is speci�ed as

logp(La(� )jG(� )) /
tX

k= t0

logp(Gk jLa) + log p(La(� )) (2.2)

wherep(La(� )) is a log-normal prior thatLa can be assigned to a time interval of lengthj� j. The

hyper-parameters ofp(La(� )) are estimated using the MLE on training data.

2.4 Probabilistic Model

A parse graph is an instance of ST-AOG, explaining the event, sequence of sub-events, and human

role and object label assignment. The solution of our video parsing is a set of parse graphs,W =

f pgi g, where everypgi explains a subset of foreground trajectories,Gi � G, as

pgi = f ei ; � i = [ t i; 0; t i;T ]; f L(� i;u )g; f r i;j gg; (2.3)

whereei 2 � E is the recognized event conducted byGi ; � i = [ t i; 0; t i;T ] is the temporal extent

of ei in the video starting from framet i; 0 and ending at framet i;T ; f L(� i;u )g are the templates

(i.e., latent sub-events) assigned to non-overlapping, consecutive time intervals� i;u � � i , such that

j� i j =
P

u j� i;u j; andr i;j is the human role or object class assignment toj th trajectory� i;j of Gi .

Our objective is to inferW that maximizes the log-posteriorlogp(WjG) / �E (WjG), given

all foreground trajectoriesG extracted from the video. The corresponding energyE(WjG) is

speci�ed for a given partitioning ofG into N disjoint subsetsGi as

E(WjG)/
NX

i =1

h
� logp(^ ei j_ root)| {z }

select eventei

+
X

u

�
� logp(^ L a j_ ei )| {z }

select templateL a

� logp(La(� i;u )jGi (� i;u ))
| {z }

assign template

� i
(2.4)
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whereGi (� i;u ) denotes temporal segments of foreground trajectories falling in time intervals� i;u ,

j� i j =
P

u j� i;u j, and logp(L(� i;u )jGi (� i;u )) is given by Eq. (2.2). Also,logp(^ ei j_ root) and

logp(^ L a j_ ei ) are the log-probabilities of the corresponding switching OR nodes in ST-AOG for

selecting particular eventsei 2 � E and spatiotemporal templatesLa 2 � L . These two switch-

ing probabilities are simply estimated as the frequency of corresponding selections observed in

training data.

2.5 Inference

Given an aerial video, we �rst build a video panorama and extract foreground trajectoriesG. Then,

the goal of inference is to: (1) partitionG into disjoint groups of trajectoriesf Gi g and assign label

eventei 2 � E to everyGi ; (2) assign human roles and object labelsr i;j to trajectories� i;j within

each groupGi ; and 3) assign latent spatiotemporal templatesL(� i;u ) 2 � L to temporal segments

� i;u of foreground trajectories within everyGi . For steps (1) and (2) we use two distinct MCMC

processes. Given groupsGi , event labelsei and role assignmentr i;j proposed in (1) and (2),

step (3) uses dynamic programming for ef�cient estimation of sub-eventsL(� ) and their temporal

extents� . Steps (1)–(3) are iterated until convergence, i.e., whenE(WjG), given by Eq. (2.4),

stops decreasing after a suf�ciently large number of iterations.

2.5.1 Grouping

GivenG, we �rst use [GCR12] to perform initial clustering of foreground trajectories into atomic

groups. Then, we apply the �rst MCMC to iteratively propose either to merge two smaller groups

into a merger, with probabilityp(1) = 0 :7, or to split a merger into two smaller groups, with

probability p(2) = 0 :3. Given the proposal, each resulting groupGi is labeled with an event

ei 2 � E (we enumerate all possible labels). In each proposal, the MCMC jumps from current

solutionW to a new solutionW 0 generated by one of the dynamics. The acceptance rate is� =

min
n

1; Q(W ! W 0)p(W 0jG)
Q(W 0! W )p(W jG)

o
, where the proposal distributionQ(W ! W 0) is one ofp(1) or p(2)

depending on the proposal, andp(WjG) is given by Eq. (2.4).
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Figure 2.5: Our DP process can be illustrated by this DAG (directed acyclic graph). An edge

betweenL k0

a0 andL k
a means the transitionLa0 ! La follows the rule de�ned in ST-AOG and the

time interval[ta0; ta] is assigned with templateLa. In this sense, with the transition rules and the

prior de�ned in Eq. (2.2) (we do not consider the assignment with low prior probability), we can

de�ne the edges of such DAG. So the goal of DP is equivalent to �nding a shortest path between

source and sink. The red edges highlight a possible path. Suppose we �nd a pathsource! L8
3 !

L20
1 ! sink . This means that we decompose[0; T] into 2 time intervals:[0; 8�t ]; [8�t; T ], and they

are assigned with templateL3 andL1 respectively.

2.5.2 Human Role Assignment

Given a partitioning ofG into groupsf Gi g and their event labelsf ei g, we use the second MCMC

process within everyGi to assign human roles and object labels to trajectories. Each trajectory

� i;j in Gi is randomly assigned with an initial human-role/object labelr i;j for solutionpgi . In

each iteration, we randomly select� i;j and change it's role label to generate a new proposalpg0
i .

The acceptance rate is� = min
n

1; Q(pgi ! pg0
i )p(pg0

i jG i )
Q(pg0

i ! pgi )p(pgi jG i )

o
, where Q(pgi ! pg0

i )
Q(pg0

i ! pgi )
= 1 andp(pg0

i jGi ) is

maximized by dynamic programming speci�ed in the next section 2.5.3.
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2.5.3 Detection of Latent Sub-events with DP

From steps (1) and (2), we have obtained the trajectory groupsf Gi g, and their eventf ei g and role

labelsf r i;j g. EveryGi can be viewed as occupying time interval of� i = [ t i; 0; t i;T ]. The results

of steps (1) and (2) are jointly used with detections of large objectsf Si g to estimate all unary,

pairwise, andn-ary relations i of everyGi . Then, we apply dynamic programming for everyGi

in order to �nd latent templatesL(� i;u ) 2 � L and their optimal durations� i;u � [t i; 0; t i;T ]. In the

sequel, we drop notioni for the group, for simplicity.

The optimal assignment of sub-events can be formulated using a graph, shown in Figure 2.5.

To this end, we partition[t0; tT ] into equal-length time intervalsf [tk� 1; tk ]g, wheretk � tk� 1 = �t ,

�t = 2sec. NodesL k
a in the graph represent the assignment of templatesLa 2 � L to the intervals

[tk� 1; tk ]. The graph also has the source and sink nodes.

Directed edges in the graph are established only between nodesL k0

a andL k
a, 1 � k0 < k , to

denote a possible assignment of the very same templateLa to the temporal sequence[tk0; tk ]. The

directed edges are assigned weights (a.k.a. belief messages),m(L k0

a ; L k
a), de�ned as

m(L k0

a ; L k
a) = log p(La(tk0; tk)jGi (tk0; tk)) ; (2.5)

wherelogp(La(tk0; tk)jGi (tk0; tk)) is given by Eq. (2.2). Consequently, the belief of nodeL k
a is

de�ned as

b(L k
a) = max

k0;a0
b(L k0

a0) + m(L k0

a ; L k
a): [Forward pass] (2.6)

Hereb(L0
a) = 0 . We compute the optimal assignment of latent sub-events using the above

graph in two passes. In theforward pass, we compute the beliefs of all nodes in the graph using

Eq. (2.6). Then, in thebackward pass, we backtrace the optimal path between the sink and source

nodes, in the following steps:

0: Let tk  tT ;

1: Find the optimal sub-event assignment at timetk asL k
a� = arg maxa b(L k

a); let a  a� ;

2: Find the best time moment in the pasttk � , k� <k , and its best sub-event assignment asL k �

a� =

maxa0;k0 b(L k0

a0)+ m(L k0

a ; L k
a); Let a a� andk k� .

3: If tk > t 0, go to Step 2.
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2.6 Experiment

Existing Datasets.Existing datasets on aerial videos, group events or human roles are inappropri-

ate for our evaluation. These aerial videos or images indeed show some group events, but the events

are not annotated ([ARS07, OMS10, Oh11]). Most aerial datasets are compiled for tracking evalua-

tion only [KGS13, IRF13, PG14]. Existing group-activity videos [CSS09, RA11, AXZ12, LPZ13]

or social role videos [ZHY11, FHR12, LSM12, RYF13, KHH13] are captured on or near the

ground surface, and have suf�ciently high resolution for robust people detection. Thus, we have

prepared and released a new aerial video dataset1 with the new challenges listed in Section 2.1.2.

Aerial Events Dataset. A hex-rotor with a GoPro camera was used to shoot aerial videos

at altitude of 25 meters from the ground. The videos show two different scenes, viewed top-

down from the �ying hex-rotor. The dataset contains 27 videos, 86 minutes, 60 fps, resolution of

1920� 1080, with about 15 actors in each video. All video frames are registered onto a reference

plane of the video panorama. Annotations are provided ([VPR13]) as: bounding boxes around

groupings of people, events, human roles, and small and large objects. The objects include: 1.

Building, 2. Vending Machine, 3. Table & Seat, 4. BBQ Oven, 5. Trash Bin, 6. Shelter, 7. Info

Booth, 8. Box, 9. Frisbee, 10. Car, 11. Desk, 12. Blanket. The events include: 1.Play Frisbee, 2.

Serve Table, 3. Sell BBQ, 4. Info Consult, 5. Exchange Box, 6. Pick Up, 7. Queue for Vending

Machine, 8. Group Tour, 9. Throw Trash, 10. Sit on Table, 11. Picnic. The human roles include:

1. Player, 2. Waiter, 3. Customer, 4. Chef, 5. Buyer, 6. Consultant, 7. Visitor, 8. Deliverer, 9.

Receiver, 10. Driver, 11. Queuing Person, 13. Guide, 14. Tourist, 15. Trash Thrower, 16. Picnic

Person.

Evaluation Metrics. We split the 27 videos into 3 sets, such that different event categories are

evenly distributed, and use a three-fold cross validation for our evaluation. Although our training

and test videos show the same two scenes, we make the assumption that the layout of ground

surfaces and large objects is unknown. Also, different videos in our dataset cover different parts of

these large scenes, which are also assumed unknown. We evaluate accuracy of: i) grouping people,

ii) event recognition, iii) role assignment. While our approach also estimates sub-events, note that

1Dataset can be downloaded from https://tshu.io/AerialVideo/AerialVideo.html.
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they are latent and not annotated. The results are all time-averaged with the lengths of trajectories

in each video. For specifying evaluation metrics we use the following notation.G = f Gi g and

G0 = f G0
i g are the sets of groups in ground-truth and inference results respectively.� ij is thej th

trajectory ini th group in ground-truth data, with duration ofj� ij j, group labelgij , event typeeij and

human roler ij in ground-truth. So is� 0
ij in our inference. For groupGi , we call the best matched

(i.e. overlapped) group inG0asM i . For groupG0
i , we call the best match group inG asM 0

i . Then,

precision and recall of grouping are

Prg =
X

G i 2 G

� X

� ij 2 Gi

1
�
M i = g0

ij

�
� j � ij j=

X

� ij 2 G i

j� ij j
�

(2.7)

Rcg =
X

G0
i 2 G0

� X

� 0
ij 2 G0

i

1 (M 0
i = gij ) � j � 0

ij j=
X

� 0
ij 2 G0

i

j� 0
ij j

�
(2.8)

Accuracy of grouping isFg = 2
.

(1=Prg + 1=Rcg).

Event recognition accuracyEe and role assignment accuracyEr are de�ned as

Ee =
X
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�
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i

j� ij j: (2.10)

Baselines.To evaluate effectiveness of each module of our approach, we compare with base-

lines and variants of our method de�ned in Table 2.1. For the baselines we extract the following

low-level features on trajectories: shape-context like feature [CSS09], average velocity, aligned

orientation, distance from each type of large objects. All elements of feature vectors are normal-

ized to fall in [0, 1].

Results. We register raw videos by RANSAC over Harris Corner feature points, then apply

method of [IRF13] for tracking, which is based on background subtraction [YO07, Sob13]. We

also use the detector of [RPZ13] to detect buildings and cars, while other static objects are inferred

in scene labeling. We do not detect portable objects, e.g.,FrisbeeandBox.

We evaluate our approach on both annotated bounding boxes and real tracking results. Example

qualitative results are presented in Figure 2.6. As can be seen, the results are reasonably good.
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