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Learning Person—Person Interaction in
Collective Activity Recognition

Xiaobin Chang, Wei-Shi Zheng, and Jianguo Zhang

Abstract— Collective activity is a collection of atomic activities
(individual person’s activity) and can hardly be distinguished by
an atomic activity in isolation. The interactions among people are
important cues for recognizing collective activity. In this paper,
we concentrate on modeling the person—person interactions for
collective activity recognition. Rather than relying on hand-craft
description of the person—person interaction, we propose a
novel learning-based approach that is capable of computing the
class-specific person—person interaction patterns. In particular,
we model each class of collective activity by an interaction matrix,
which is designed to measure the connection between any pair
of atomic activities in a collective activity instance. We then
formulate an interaction response (IR) model by assembling
all these measurements and make the IR class specific and
distinct from each other. A multitask IR is further proposed
to jointly learn different person—person interaction patterns
simultaneously in order to learn the relation between different
person—person interactions and keep more distinct activity-
specific factor for each interaction at the same time. Our model is
able to exploit discriminative low-rank representation of person—
person interaction. Experimental results on two challenging data
sets demonstrate our proposed model is comparable with the
state-of-the-art models and show that learning person—person
interactions plays a critical role in collective activity recognition.

Index Terms— Collective activity recognition, interaction

modeling, action analysis.

I. INTRODUCTION

OLLECTIVE activity recognition in computer vision has
received increasing attentions in recent years. Beyond
the actions performed by individuals, collective activity is a
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collective behavior of a group of people in a scene, where the
interactions between people are important features. Therefore,
collective activity can hardly be identified by the action of
individual person in isolation. For example, Fig. 1 shows the
ambiguous role of the action performed by each single person
in identifying different collective activities. As illustrated
in Figs. 1(a) and 1(b), there are obvious interaction patterns
existed in the collective activities, i.e., the scenario where
two people are standing still and facing to each other might
indicate that they are talking to each other, whilst the scenario
where those are standing still and facing to the same direction
provides a strong cue for the presence of a queuing collective
activity. However, with the atomic action ‘“stand still” only,
it is impossible to distinguish the two collective activities.
This example shows the incapability and limitation of using
actions performed by individuals alone for collective activity
recognition without considering person-person interaction
patterns, as collective activities are often sharing the same or
similar atomic actions such as standing still shown in Fig. 1.
In this paper, we call the action of a single person and its
influence to the surrounding people as the atomic activity.
Similar terminology was also adopted in some recent
literature [11], [12].

The research challenges and focus on collective activity
recognition should differ significantly from the widely studied
action recognition [21], [28], [31], [32], [35], [37], [41]-[43],
where the actions performed by individuals are the main
focus. It should also be distinguished from the crowd activity
recognition [19], [27], [29], [30] in a way that collective
activity is not to model a crowd scenario but rather to infer
collective person-person interactions between several people.
In comparison, the focus of crowd activity recognition is
mainly on discovering regular and common moving patterns in
a large public scene often containing a crowd of more than tens
or hundreds of people or objects in a single view such as in
a train station. What’s more, the people in the crowd usually
severely occluded by each others. In contrast, the people in
collective activity are less occluded and the action of each
person can be much more clearly observed. In addition, the
number of people in collective activities is usually much less
than that in crowd.

Existing methods on modeling collective activities have
considered different types of interactions, mainly including:
subject-time interaction [26], group-person interaction [24],
person-object interaction [4], [5], and person-person
interaction [9], [18], [22]. However, in most of the existing
work, the interaction, especially the person-person interaction,
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(a)

Fig. 1. The collective activity in (a) is talking, the collective activity in (b) is queuing, and the collective activity in (c) is running. One person in each picture
is boxed, highlighting their individual actions and facing directions. All these boxed people are all facing left; the first two people are standing still, while
the third one is running. The first two pictures demonstrate that the person-person interactions among the people are critical to collective activity recognition
since we cannot distinguish their collective activity just from their atomic activities in isolation. What’s more, the atomic activity also provides strong cues
for collective activity, which can be shown by comparing (c) with (a) and (b).

Fig. 2. The global collective activity in (a) is queuing, but the two people in the bounding boxes are talking. The global collective activity in (b) is walking,
but the people in the bounding box are talking. Hence, one should predict the collective activity based on collective information from all pairs of person-person

interactions rather than local ones in isolation.

is usually described by hand-crafted features, and the
interaction descriptors are often not learned and quantified
automatically for discrimination. Therefore, their discrimina-
tion powers are usually not guaranteed and generalized well
across datasets. The intrinsic and discriminative person-person
interaction patterns may not be well exploited.

We have also observed that the current trend of tackling
the problem of collective activity recognition is to develop
a model or framework with increasing complexity to jointly
learn more subtasks simultaneously (e.g., detection, tracking,
pose estimation, appearance modeling, and interaction) [11].
Despite some plausible aspects of this trend (e.g., a nice
joint learning framework to tackle tasks simultaneously), the
potential pitfalls within this regime will arguably span a couple
of aspects including: 1) more complex models tend to be
more difficult to optimize; 2) each subtask is not sufficiently
explored and studied in depth; 3) it will be difficult to provide
insights on which component is critical to solve the problem
in order to guide future research efforts.

In this work, we take a different perspective and focus on
one particular task of automatically learning person-person
interactions. More specifically, we derive a learning-based
approach to automatically mine the intrinsic person-person
interaction patterns between atomic activities. In particular,
our model assumes that two atomic activities in a collec-
tive activity are connected. In most cases, two connected
atomic activities in one collective activity are either 1) quite
similar and spatially close to each other to form a meaningful
collective activity (e.g. two people are walking together); or
2) not quite similar but are strongly interacting to each other
when participating a collective activity (e.g. facing each other

when two people are talking, or fighting). In order to learn
the connection, we propose to formulate such a connection
into the form of a generalized inner product. To describe the
collective information of the atomic activity in a clip, all of the
pairwise connection potentials within an instance of collective
activity are then aggregated together (Eq.(1)) to generate a
final response score for further prediction. We call our model
as an interaction response (IR) model. It is worth noting that
different activities might be potentially related by sharing some
atomic activities as shown in Fig. 1. In order to learn a more
robust discriminative class-specific model, we further develop
a multi-task interaction response (MIR) model, which jointly
learns different class-specific interaction models by bridging
them with a shared components.

In addition, we developed an optimization algorithm by
re-formulating the model using a low-rank matrix factor-
ization. In order to guarantee learning a suitable low-rank
subspace, we impose a —LogDet penalty to constrain the
volume of the kernel matrix. We also call this model as
the —LogDet multiple low-rank subspace interaction
model.

In summary, the main contributions of our work are:

1) We directly learn the person-person interaction between

any two atomic activities in a collective activity. Such
a kind of interaction is considered as the correlation
(in the form of a generalized inner product) between the
feature representations of two atomic activities, and an
interaction response (IR) model and an extension called
multi-task interaction response (MIR) are developed;

2) A jointly learned and class-specific —LogDet based

interaction modeling is proposed, with an attempt
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TABLE I
COMPARISONS ON THE CHARACTERISTICS AND CAPABILITIES OF DIFFERENT MODELS. v' MEANS THE MODEL IS BASED ON
SUCH INFORMATION OR HAS SUCH CAPABILITY. A MEANS NOT ALL THE MODELS IN THE FIRST COLUMN
OF THE SAME ROW USE SUCH INFORMATION OR HAVE SUCH A CAPABILITY
Characteristics and Capabilities of Existing Models
Models Person’s Atomic Ac- Collective  Person- Group- Object- Subject- Spatial dis- Video Notes
Facing tivity Activity of Person Person Person Time tribution Feature
Direction each person Interaction Interaction Interaction Interaction

Lan’s v v v v v Interaction  between

Model [23], people is outcome

[24]

Choi’s v v v v Multi-tracking + Col-

Model [10], lective Activity Rec-

[11] ognize

AND-OR v v v v

Graph

Model [4],

(5]

Temporal In- v

teraction Fea-

tures [26]

Spatial  Dis- v v

tribution [12],

[13]

Video A v

Feature [3],

[6], [33]

Person- v A v A A Modeling person-

person person interaction as

feature  [9], feature

[18], [22]

Our IR Model v v v interaction  patterns
formed by interaction
matrices

to better distinguish different types of collective
activities.

3) We show that without the joint learning with other
tasks (e.g. individual’s action recognition and tracklet
estimation), a purely learned interaction model between
atomic activities outperforms the state-of-the-art in most
cases or achieves comparable results.

The rest of this paper is organized as follows: Section II
reviews the related work on collective activity recognition.
Section III introduces the proposed interaction model, the opti-
mization algorithm and inference strategy. Section IV extends
the model into a multitask learning framework. Section V
describes in details the implementation and provides an
in-depth analysis of the person-person interaction proper-
ties learned by the proposed method. Section VI presents
the experimental results and Section VII concludes the
whole paper.

II. RELATED WORK

Since a collective activity consists of multiple atomic activ-
ities, the information from atomic activity in isolation is not
sufficient to characterize the whole activity. In recent years,
different models have been proposed to explore additional cues
such as contextual information and interaction. In Table I, we
summarize the characteristics of most of the existing methods
in collective activity recognition.

Early work on collective activity recognition focused on
contextual learning [12], [13], where the collective activities

are described by the spatial distributions of the atomic
activities and classified by random forest trees based on the
spatial distributions. There are also some works focus on
extracting video features for collective activity recognition.
Todorovic [33] formulated the representation of a collective
activity into a video graph (kronecker graphs [25]), where
the extracted video features form the nodes and the relations
between the features are represented by the edges. The work
in [3] detected the video parts where the collective activities
occur and made use of these local visual cues in the detected
parts for recognition. Recently, Antic et al. [6] proposed to
automatically learn activity constituents that are meaningful
for collective activity recognition from video. Instead of
detecting the video parts from the whole video as in [3],
this work focused on the semi-local characteristics and the
interrelation between different persons. The trajectory-based
model presented in [27] totally relied on the trajectories
of people and extracted the trajectory feature for collective
activity recognition.

The holistic representation of contextual information though
proven effective, may have limited descriptive power due
to the diversity of interactions. Therefore, different types
of interactions are specifically considered and mined. The
group-person interaction was modeled in [23] and [24] by a
latent SVM [40], with the focus on the patterns between the
collective activity and the atomic activity. Later on, an efficient
optimization algorithm of this model is proposed in [38].
Although the model by Lan et al. [23], [24] is able to tell
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whether any two people are connected in the collective activity
according to the latent variables in the modeling, it does not
seek to characterize and quantify the interaction patterns in
person-person interaction for collective activity recognition.

In addition to interactions between people, interactions
between people and object are also explored in some of the
existing work. Mohamed et al. focused on the object-person
interaction and group-person interaction [4], [5]. A three-
layer hierarchical model (AND-OR graph) was developed to
associate objects, people and collective activity together, where
collective activity occupies the highest level, the person activ-
ity comes the second and the objects locate at the lowest level.
Different interactions are modeled as the connections between
levels. For example, the connection between the top two layers
represents the group-person interaction. However, this model
requires a multitude of detectors at different levels, resulting in
a time-consuming inference operation. The Monte Carlo tree
search in [4] is therefore proposed to tackle this problem.

The motion pattern in collective activity was studied
by Li et al. [26] and a compact and discriminative descriptor
was proposed to characterize the subject-time interaction,
which depends on many factors, such as the trajectories of
people and the associated atomic activities. The corresponding
feature is computed as a temporal interaction matrix (TIM)
followed by a discriminative temporal interaction
matrix (DTIM), which describes the properties of the
subject-time interactions among multiple subjects in a
collective activity. In recent developments, multiple people
tracking and collective activity recognition are simultaneously
considered in one framework [10], [11], with a hierarchy
of three different levels representing collective activities,
interactive activities and atomic activities respectively. The
interactive activities can be considered as person-person
interactions.

Recently, some work [9], [18], [22] started to consider
person-person interaction for activity recognition. The inter-
active phrase, a latent mid-level feature, was proposed by
Kong et al. [22] to describe the person-person interaction,
which captures the interaction patterns by exploiting motion
relationships between body parts. Tran et al. [18] modeled
people interactions using an undirected graph, where each
person is treated as a vertex and the person-person interaction
is represented by the edge. A descriptor is then created to
capture the motions and interactions of people within the
graph. Finally, a bag-of-word approach is used to represent
group activity. Cheng et al. [9] proposed features that make
use of not only the person-person interaction but also the
interactions at group level with the spatial distribution of group
being encoded as features.

In summary, existing methods have considered different
types of interactions. However, they mainly depend on hand-
crafted features and do not explicitly exploit class-specific
and learning-based technique to automatically mine person-
person interaction features. Our method differs significantly
from them and learns the person-person interaction between
atomic activities via an interaction response model, which is
capable of computing a set of class-specific and low-rank inter-
action features. Although one can infer whether two persons
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are linked in a collective activity as in [23] and [24], the
person-person interaction features are not quantified directly.

III. MODELING PERSON-PERSON INTERACTIONS
IN COLLECTIVE ACTIVITY

A. Atomic Activity Modeling

For each collective activity, the first task is to detect and
track all the people in each video clip, which could be achieved
by leveraging existing methods in [7], [16], [20]. Suppose
N, people are detected and tracked in a video clip V,. Let
Pig, P2g, s PN, .q(Ng = 2) denote the N, people. We then
extract a low level feature f,, € R’ to describe the atomic
activity associated to each person P, 4, n =1, ..., N,. Since
the atomic activity associated to person P, , consists of its
action and its influence [12], f, , is composed of two types
of features: the motion-based features and spatial distribution
of the other people around this person.

B. Interaction Modeling for Atomic Activities

Suppose there are M collective activities and we denote
its label set as y. In order to directly model the interac-
tion between atomic activities associated to any two people
(i.e. person-person interaction) in the video clip V,, our
collective activity interaction response R, 4, is defined as
follows:

Nq
/
Rm,q = Z fi,qgmfj#’

Lj=1, i#j

1)

where m indicates one specified collective activity class, and
fl’ 4 is the transpose of f;,. The person-person interaction
pattern for class m is captured by the matrix Q, € R*,
which is called the interaction matrix. Then the generalized

inner product f/ Qu fjq measures the connection between

the two atomic activities associated to person i and person
J acting for collective activity class m in video clip V,. We
would like to sum the effects of all person-person interactions
in the video clip in order to consider the global collective
activity. This can be further illustrated in Fig.2. Therefore,
Ry, 4 is the response that measures the contributions of all the
person-person interactions in the context of collective activity
class m in the video clip V. We call the model (Eq. (1)) the
interaction response (IR) model.

In this work, we assume there is only one collective activity
instance in each video clip and expect that if this class-specific
person-person interaction is appearing in the m’" activity class,
Ry,4 should output a higher score, otherwise a small value.
Consequently, the inference of the collective activity class of
a video clip V,’s can be casted as the following optimization
problem:

ly = arg gllél))}( Ring, 2)
where y is the set of all possible activity class labels and iq is
the predicted collective activity class label of V. It is obvious
that for a given video clip V,;, the prediction of its class label
depends only on the person-person interaction responses Ry, 4,
which are computed by the interaction matrix €.
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C. Learning the Interaction Matrix

Given the training set 7' and the ¢ training sample I, € T
with class label I; € y, we would like to train our model to
learn the parameters & = {Qy, Qo, ..., Q) |}, where y is the
set of all collective activities class labels. In order to learn
an interaction matrix €, for activity class m, Ym € y, the
training set 7 is divided into two subsets, where all of the
training instances in class m are considered as a positive class,
and the rest as a ‘negative’ class (similar to the one-vs-rest
setting). For simplicity, we introduce a division notation y;"
for each training instance I;, where y;* = 1 if the training

instance /; is labeled with class m and y;" = —1 if not. Then,
the positive index set is Py, = {t|y;" = +1, [; = m} and the
negative index set is N, = {tly* = —1,1; # m}.

For any video clip V, from the positive set, its interaction
response R, , to the positive class should be larger than its
response to the negative set. As a result, we can achieve this
by finding the interaction matrix €, that makes the interaction
response to be positive on the positive training subset (where
y/* = +1) and interaction response to be negative on the
negative subset (where y/ = —1). Therefore, to learn an
optimal interaction matrix €,,, we formulate a loss function
as follows:

T N,
D max(0,1=y"( > f,Qufin) 3)

1=l ij=Li#j

N
We would like the value of y,’”(' th: 'fi:tmejJ) to be
i,j=1,i

as large as possible in order to E{Chiejej a minimum loss.
To reduce the risk of over-fitting, we add the regularization
term, namely minimizing the Frobenius norm of the €,,, into
the loss function above (in a similar fashion to L2-SVM). More
importantly, we want to learn a low-rank matrix €, such that
it can implicitly quantify the person-person interaction in a
low-dimensional space. This is achieved by adding a low-rank
constraint on the matrix to the cost function. Therefore, we
have the following objective function:

T N;
1 2 2
min S1Qulf +C > max(0,1=y7"C 37 1 Qnfi)
=1 i,j=Li#j
s.t rank(Qy) < v 4)

where C > 0 and o is the constant to control the rank of
interaction matrix €. In the experiments, we demonstrate
that a suitable low rank interaction matrix would lead to better
result.

However, the object function in Formula (4) is not easy
to optimize due to the low rank constraint. To solve this
problem, we develop a simplified model by assuming €,
being a symmetric matrix with the following factorization:

Qm = Lm * L:n (5)

where L,, € R‘*? and usually d < ¢. L), is the transpose
of L,,. Therefore, the interaction response in Eq.(1) equals to

Nq
Rug= . flyLmLy,fig- (6)
i,j=1, i#j
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It is worth noting that due to the matrix factorization,
rank(Q,,) = rank(Ly, * L)) = rank(L,,) < d. This means,
rank(€,) can be controlled by d (the number of columns
of L,,) as an upper bound. The constraint rank(Q,) < v
in Formula (4) becomes redundant and can be removed.
Consequently, Formula (4) can be converted into the following
unconstrained optimization problem:

T
! 2
HLlinn §||Lm||F + CZmax(O, 11—y

t=1

N;
(D> fLmLyfi)?* (D

Lj=1i#]

There are two main advantages of decomposing €,
into L,,:

1) We derive a low-rank representation of atomic
activity associated to each person, as a new represen-
tation riy,, = L), fi; of the atomic activity for each
person can be computed by projecting f;; onto the
column space spanned by L,, once L,, is learned. More
importantly, r; ; » is a function of m, which means that,
for different activity class, the same atomic activity
shared by different classes could be projected and
represented differently. Only the one corresponding to
the true collective activity class will give the prominent
interaction response to that class.

2) From the optimization point of view, much Iless
parameters are required to optimized, as d <« ¢ and
the number of parameters in L, is much smaller than
that of Q,,. For example, If d = 64 and ¢ = 500,
only 32,000 parameters need to be learned in L,
significantly less than 250,000 parameters in the orig-
inal Q,, with a ratio of only 12.8%. Hence, using a
low-rank representation can be considered as a
regularization model to avoid over-fitting as much
less parameters need to be optimized. Our experimen-
tal results confirm this and suggest a suitable d is
preferred.

A LogDet Regularization: It is important to note that
rank(L,,) < d is implicitly a loose constraint in Formula (7),
as we have no tight control of the rank of L,,. If rank(L,,) =
r <d, there are only r independent columns. Thus, a number
of columns (d — r) can be written as a linear combination
of others, and become redundant. This will degrade the
learning power of L,,. We term this as a redundancy problem.
Therefore we prefer an ideal L,, with rank(L,) = d, to
ensure that all of the columns in L,, are as linearly independent
as possible in the column space.

In order to solve the redundancy problem, we introduce
a —LogDet regularization term, —log det(L), L,,), into the
objective function in Formula (7), where der is the deter-
minant operator. An intuitive motivation is that the value of
—log det(L), L) becomes +o0o and consequently increases
the cost of the objective function in Formula (7) if L,, is not of
full column rank. Moreover, a larger det (L), L,,) means more
diversity of columns in L,,, which implies more discriminative
information can be preserved in L,. Hence, the proposed
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objective function becomes:

min J(L,) = rann ||Lm||F glog det(L,,Ly)
7|
+C > max(0,1— y/" (Z flLmLy, f.0)
t=1 i,j=1
(@)
where >0, C > 0.

D. Optimization Algorithm

We use the Gradient Descent to solve the unconstrained
optimization in Formula (8). The gradient of the term
—log det(L),L,,) is calculated as follows:

0 —log det(L,,Lm)

—2(L7TY,
L. (L)

where L; is the pseudo-inverse of L,,. Then the gradient,
vJ(Lp), of the whole objective function J(L,,), could be
obtained as follows

VJ(Lm)
= Lm - ,B(LJ)/
IT| N
02 (max(0,1—y"( > f,LmLy fj, %)
yC t=1 t,ajzl,wﬁj
m— B
7|
—2ym CZ{max(O 1—ym( Z flLmL}, £i.0)
i,j=1,i#]j

l
S ikt FiafiDm} ()
i,j=1,i#j
Iterative gradient descent method is then applied to optimize
the objective function.

Complexity Analysis: The computational complexity lies in
two aspects: training and testing. On learning, assume given a
dataset of P training video clips with an average of N persons
present in each video clip. Let L,, € R**, where d < . Then
the complexity of our optimization algorithm for one iteration
step is O(P x N% + €2 x d + d%). Excluding the time for
computing the features and fixing d = 384, one round training
of our algorithm takes about 8.39 seconds per training sample
on a machine of 12-core with 256G memory. Note that the
training stage can be performed offline and thus it would not
affect its practical use too much. Our testing is pretty fast once
the interaction matrix €, is learned. It takes about 0.02 second
for a test sample. In contrast, it is noted the method in [4] took
more than 100 seconds on inference per frame, mainly due to
its expensive searching procedures.

IV. A MULTI-TASK EXTENSION
A. Motivation

It was observed that different classes of collective activities
could share some common aspects, i.e., different collective
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activities may have the same type of atomic activities, or
different collective activities are performed by the same group
of people. For example, the collective activities of chasing
and gathering could share the common element of walking,
though facing to different directions. In addition, the collective
activities could further share the element of people’s spatial
distribution. In order to better find out the discriminative
information in each collective activity, we exploit the idea
of multi-task learning [15], which is designed to tackle
different but related learning tasks in one framework, aiming
to give better performance. In our modeling, we treat learning
each collective activity’s interaction matrix as a task, and a
multi-task interaction response (MIR) model is proposed by
introducing a shared component among interaction matrices.
The MIR model jointly learns all the interaction matrices
of different collective activities and the shared component.
As a result, the learned interaction matrix for each collective
activity can preserve more distinctive information for the
corresponding collective activity. In comparison, the single
task interaction response model (Eq. (8)) is optimized with
respect to different classes individually, i.e., class by class.

B. Multi-Task Extension

Specifically, we represent each Q,,m = 1,...,y by
Q, = (1 - a)Q + aQ,,, where a € [0,1]. On the
one hand, the Qg can be seen as the shared component of
different Q,,. On the other hand, the class-specific discrimi-
native person-person interaction information among different
collective activities can be preserved in the corresponding Q,,,.
o is a parameter, which gives the freedom to control the
trade-off between the shared component Qp and Q,, in Q,,,.

In order to learn Qy and Q,,, we also impose a matrix
factorization on each of them. Assuming Qo € S*¢ and
Q, € S, then we have Qo = Lo * Ly, where Ly € R*¢
and Q,, = L, *Z:n, where L,, € RY>*4. The multi-task learning
objective function becomes:

min J (Lo, L)
zOazm

1 — Y
=5 2 Il - glog det (L, Li)}
k=0,m
7| o
+C Z Loss(Lo, L)
t=1

Y B 2
L)

(10)

>0, a € [0, 1] and the loss
is deﬁned as:

where m = 1,
function Loss(Lo,

LOSS(ZO9 Zl‘n)
N;
m / T 7 T 7
= max(0,1 = y"( D" f/,((1 —=a)LoLy + aLnL,) f.))’
i,j=1

Y

We also make use of the —logdet term in Formula (10)
in order to guarantee the full column rank of Ly and
different L,s. Formula (10) becomes equivalent to
Formula (8) if @ = 1. We develop an alternating optimization
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Person - Person
Interaction Model

The flow chart of our model. We focus on modeling the person-person interaction in collective activity recognition. We exploit the features

of person (f;) in pairs and model their relation as a generalized inner product fi’ Qfj. The interaction pattern is then captured by the interaction matrix €,
which is learned by maximizing the interaction responses in a collective activity. Best viewed in color.

Algorithm 1 Optimization of MIR Model (Eq. (10))

1: Fix Lo and optimize the objective function in Formula (10) on
different L,,, m = 1,..., respectively by one-step gradient
descent .

2: Optimize Lo when fixing all the L,,, m = 1,...,7v. The
objective function of Lo is the sum of all the J(Lo, L),
m =1,...,v in Formula (10) and becomes

Y
J(Lo) =Y _ J(Lo,Lm)
m=1
Optimize J(Lo) w.r.t. Lo by one-step gradient descent;

4: Repeat 1), 2) and 3) until maximum number of iterations or
convergence criterion is met.

12)

W

procedure to solving for Lo and different L,s and our
algorithm is summarized in Algorithm 1.

V. IMPLEMENTATION DETAILS & MODEL ANALYSIS

In this section, we describe the implementation details and
present an analysis of two important aspects of our model
including 1) the characteristics of the learned interaction
matrices; and 2) the projected representation of the atomic
activity in the learned low-rank subspace.

A. Implementation Details

The flow chart of our model is shown in Fig. 3, where the
features of people are modeled in pair, and the person-person
interaction patterns in collective activity are captured by the
interaction matrix Q. During the preprocessing step, multiple
people could be detected and tracked in the video clips by
employing the state-of-art object detection [16] and tracking
algorithms [7], [20]. In order to have a fair comparison with
exsiting methods, in the experiment, we directly use the
people detection and tracking results provided by two public
datasets: the CAD dataset [1], and the Choi’s dataset [2] (see
Section VI-A for detailed description of the two datasets).

In the feature extraction stage, a low-level feature f; of
the ith person is extracted based on local motions and spatial
distributions. Specifically, the motion-based features [36]
are extracted from the video. We only make use of the
motion-based features that are located in the bounding boxes

surrounding the person to form the feature vectors of the
corresponding person. We learn a code book by a k-means
algorithm [34], [39] based on the motion-based features above.
Hence, a bag-of-video-words (BoV) representation is gener-
ated for each person. We also extract the spatial distribution
of people around each person by using the STL feature [12].
The STL feature in our model forms a 96D vector. Finally,
we concatenate the STL feature with the BoV motion-based
histogram to form a feature vector. What’s more, we apply
the principal component analysis (PCA) [17] on the feature
vectors and the number of principal components is determined
based on preserving 99% of the total variance (the result-
ing feature dimensonality is 833 on the Collective activity
dataset (CAD) [1] and 603 on Choi’s dataset [2]). Some low-
level feature examples are shown in Fig. 5.

B. Model Analysis

Since our model is discriminative, different person-person
interaction patterns should be learned for different classes of
collective activities, i.e., the learned interaction matrix Qs
should be intrinsically different. In order to provide insights
into the pattern of Q, we visualize the learned matrix € as an
image for each class of collective activity. Figs. 4(a)-(e) and
Figs. 4(1)-(g) illustrate the learned matrix for different classes
of activities in two different datasets. We can see the patterns
in Q are different from class to class, which confirms that our
model is class specific.

The multi-task extension of our model focuses not only on
the different person-person interaction patterns but also on
the shared information among different classes of collective
activities. As shown in Figs. 4(g)-(k) and 4(s)-(x), the inter-
action matrices Q,, learned by the multi-task extension are
still different from class to class. The shared component Q
is the same for all of the classes as shown in Fig. 4(f) and
Fig. 4(r) for the two datasets [1], [2] respectively. This means
that some related information in different collective activities
is implicitly accommodated by Q.

Based on the factorization and the low-rank constraint, our
model actually learns a class-specific and low-dimensional rep-
resentation of the atomic activity feature. The person-person
interactions under different collective activities emphasize on
different aspects of atomic activities. For example, the people
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Fig. 4. These figures illustrate different interaction matrices of collective activities in dataset [1], [2] that are learned by our model and the multi-task extension.
Since our model is class specific, each €, corresponds to collective activity m. Besides the class specific components €s, the multi-task extension also
learns a shared component g for all collective activities in the training set. Fig. 4(a) ~ 4(e) depict the interaction matrices of our IR model learned from
dataset [1]. The shared component Qg of the multi-task extension learned from dataset [1] is shown in Fig. 4(f) and different Qs for different classes are
shown from Figs.4(g) ~ 4(k). The learned interaction matrices of our IR model on dataset [2] are shown in Figs. 4(1) ~ 4(q). The shared component € and

different Q,,;s of multi-task extension on dataset [2] are shown in Figs. 4(r) ~ 4(x).
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Fig. 5. The person shown in (a) is talking and shaking hands with others. The person shown in (b) is running. Their corresponding atomic activity
features f;s are different from each other. The low-rank descriptors r;,, under six different collective activities m (m = 1,2,...,6) are also shown

for the Choi’s dataset [2]. For each person, r;, can be computed by projecting the atomic activity feature f; onto each column of the matrix L,,. The
resulting low-rank descriptors are different and class-specific, although they are computed from the same atomic activity feature (the same person). This

confirms that our model is discriminative.

who are talking may have stronger upper body movements
(e.g., shaking hands) than those queuing. The people who
are running have their legs moving faster than those who
are walking. This means that the features of the atomic
activity performed by a person should be different under
different collective activities. Let the ith person’s atomic activ-
ity feature be f;, then the corresponding projected low-rank
descriptor r; ,, under collective activity m is computed from
tim = Ly, fistim € R?. The resulting low-rank descriptors
rim of f; for different class m are illustrated in Fig. 5.

By comparing the atomic activity feature f; and their
corresponding projected low-rank descriptors 7, in
Figs. 5(a) and 5(b), we observe that the low-rank descriptors

under different collective activities are notably different. Since
different low-rank descriptors are computed by employing
different L,,, the low-rank descriptors are class specific.
In other words, different low-rank descriptors are capable
of preserving the discriminative aspects of atomic activity
projected from the raw atomic activity feature which could in
return benefit our model.

C. Discussion

In the following, we discuss the relationships of the
proposed model with relevant existing machine learning
algorithms: Support Vector Machine (SVM) and Canonical
Correlation Analysis (CCA).
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1) Relation to SVM Model: The proposed interaction
response (IR) model is a class-specific model and built based
on the hinge-loss function. The class-specific modeling is
similar to the one-vs-rest strategy used in SVM with the
hinge-loss function. However, the main difference is that
our interaction response model is to measure the connection
between any two atomic activities and the class-specific
formulation is to distinguish the pooled interaction response
over all pairs of atomic activities in a video clip rather than
just classifying each pair. This is in contrast with the large
margin SVM which aims to find a decision boundary in the
feature space (e.g., a holistic representation of a video) and
does not seek to directly model person-person interactions.
Therefore, traditional SVM is incapable of measuring the
connection between any two atomic activities. In the exper-
iment, we constructed a baseline method using SVM with a
holistic representation, and compare its performance with ours.

2) Relation to CCA: In the proposed method, the interaction
response (Eq.(6)) is computed via an inner product between
two different atomic activities in a low-rank subspace. The
idea of using inner product for correlation modeling is also
employed in CCA [8]. However, CCA is hardly suitable to
learn the person-person interaction in a discriminative way
in our case and we explain below. Firstly, the main purpose
of CCA model is to maximize the correlation between a
pair of samples across modalities in a latent feature space
(usually, the dimensionalities of the features from different sets
are different in the case of CCA). However, the interaction
learning we have considered is not aiming for matching of
cross-modality features, but to explore the intrinsic relation-
ship between two atomic activities in the same feature space.
Secondly, CCA finds two universal projections for all pairs
of cross-modality data points and this is not suitable for
collective interaction modeling, because it is apparent that
different person-person interactions should have their specific
characteristics that are different from each other. Hence,
our IR and MIR models learn class specific person-person
interaction patterns. Thirdly, there are always a number of
person-person interactions in a video frame rather than just a
single one, and therefore the proposed IR and MIR models are
actually considering the collective person-person interaction
response rather than a single one, which is not considered
in CCA.

VI. EXPERIMENTS

In order to test the performance of our approach, we conduct
a group of experiments and compare our model with the
state-of-the-art methods as well as a baseline implementa-
tion on two public datasets including the collective activity
dataset [1] and the Choi’s dataset [2]. We further present a
detailed analysis of the results and test the effects of different
model parameters.

A. Datasets and Setting

Collective Activity Dataset (CAD) [I]: Tt contains
44 video clips labeled with 5 different collective activities
(crossing, waiting, queuing, walking and talking). There are
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eight facing directions (right, right-front,..., right-back) of
people presented in this dataset.

We choose the experimental setting used in [24], which
splits one fourth of this dataset for testing and the rest
for training. We have observed that with a limited number
of splits, the averaged overall accuracies were not stable.
Unfortunately, most of the existing methods did not clarify
how many number of splits were used in their settings.
To compensate this ambiguity, we tested our algorithm by
increasing the number of splits until the averaged results
having no significant change. We observed that the averaged
results become stable when the number of splits is larger
than 20, at which the results of IR and MIR are reported
in Table II.

Choi’s Dataset [2]: Tt consists of 32 video clips with
6 collective activities: gathering, talking, dismissal, walking
together, chasing, and queuing. There are eight poses similar to
the CAD dataset. We follow the standard experimental proto-
col of the 3-fold cross validation, suggested by Choi et al. [2].
This is a challenging dataset due to the large inter- and intra-
class variations.

Baseline Method: An intuitive idea 1is to simply
construct a holistic representation for each video clip and
ignore the person-person interactions. Therefore, the popular
bag-of-words representation with SVM is considered as
baseline for further comparison, and its formulation for
collective activities classification is described as follows:

T ) IT|
min = v I3 +Ctzlé

Vm &t
st YW E) 2 1—&, t=12..,T (3)

where v, is the model parameter of the collective activity m.
F; is the video feature of the rth training instance. In this
work, F; can be obtained by aggregating all the video-words
histogram in the video.

B. Experiment on Collective Activity Dataset

Table II compares the results of the proposed method,
its multi-task extension, the baseline method and other
state-of-the-art approaches under the same experimental
settings on the CAD dataset. It can be seen that our interaction
response (IR) model outperforms the baseline method by a
gain of 6.9%. Note that the baseline method does not take
into account person-person interactions, and therefore it does
not achieve a satisfactory classification result. This confirms
the important role of person-person interaction in collective
activity recognition. On the other hand, our approach namely
the multi-task interaction response (MIR) model further
improves the performance to 83.3% on the CAD dataset.

By comparing the results of the proposed model with the
state-of-the-art shown in Table II, we can see that both
the proposed model and its multi-task extension outperform
the existing ones. Lan et al. [23] achieves 77.5%. It attempts
to automatically figure out the interactions among the
people form their atomic actions and models the person-person
interactions as the latent variables. However, it did not seek
to model the spatial relationship of people in their approach.
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TABLE II
CLASSIFICATION ACCURACY (%) ON THE COLLECTIVE
ACTIVITY DATASET (CAD) [1]

Class |Baseline | [24]| [23]] [26]| IR | MIR
Crossing | 623 | 68.0 | 65.0 | 77.0 | 72.3| 65.9
Waiting | 55.5 | 69.0 | 60.0 | 63.0 |76.3 | 82.2
Queuing | 98.6 | 76.0|96.0 | 70.0 [90.0|91.9
Walking | 66.8 | 80.0 | 68.0 | 73.0 |77.5| 81.4
Talking 91.9 199.0 |99.0 | 88.0 |93.3|95.2
Average | 75.0 | 784775742 (819|833
TABLE III
CLASSIFICATION ACCURACY (%) ON CHOI’S DATASET [2]

Class |Baseline | [12]| [11]] [4] | IR |MIR
Gathering| 64.1 |50.0 | 43.5 |48.1{55.2|59.9
Talking 96.5 |72.2822|81.3(94.3|97.0
Dismissal | 76.4 |49.2|77.0 55.3/91.8|90.5
Walking 904 |83.2|87.4(89.1(93.4|94.3
Chasing 21.6 [952(91.9(959(42.2|53.9
Queuing 78.7 |95.91]93.4(96.7|84.3|86.3
Average 713 | 743|792 |77.7|76.9|80.3

What’s more, modeling the person-person interactions as latent
varibales makes the problem hard to be optimized. As a result,
these limit the performance of the model. Lan er al. [24]
takes one step further and considers the interactions among
people not only by modeling them as latent variables but
also by capturing them in the feature level. This combined
approach achieves a classification accuracy of 78.4%, which
is slightly better than that in [23]. On this dataset under the
same experimental setting, [11] and [26] also report their
performances, with 75.7% and 74.2% respectively, which are
inferior to ours.

C. Experiment on Choi’s Dataset

The comparison of different models on Choi’s dataset [2]
is shown in Table III including: 1) the proposed model;
2) the proposed multi-task extension; 3) the method by
Choi et al. [12]; 4) the method by Choi and Savarese [11];
5) Amer et al. [4]; and 6) the baseline method.

From Table III, it can be observed that the multi-task exten-
sion outperforms the original model on most of the classes
and improves the overall accuracy from 76.9% to 80.3%.
The multi-task extension benefits from learning all tasks
simultaneously instead of learning each class of collective
activity independently as in our original model.

The baseline approach performs the worst. The
multi-task extension of our model improves the performance
and even slightly better than the state-of-the-art. The work
in [11] achieves the closest results to our multi-task extension
on this dataset (79.2% [11] vs. 80.3% (ours)).

Since the method by Choi’s [11] achieves the closest
performance to our multi-task extension, we present an
analysis of these two models by examining their confu-
sion matrix as shown in Fig.6. First, we can see that our
multi-task extension model achieves better performance on
recognizing 4 out of 6 collective activities than that of
Choi and Savarese [11]. For example, the multi-task extension
has an accuracy of 97% on recognizing the Talking activity,
which is 15% higher than that of Choi and Savarese [11].
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Fig. 6. Confusion matrices on Choi’s dataset [2]: the proposed multi-task
extension versus Choi’s [11]. (a) Confusion matrix of [11]. (b) Confusion
matrix of our multi-task method.

The performance gap of 15% is mainly a resultant from
misclassifying the Talking to the Queuing activity by the
method in [11]. It is worth noting that the atomic activities
of people in these two collective activities are quite similar.
They are all standing still. Therefore, they can be better
distinguished by their interaction patterns than by the atomic
activities alone. The scenario where people facing each others
suggests a talking collective behavior, whilst the scenario
where the people facing roughly the same direction indicates
a queuing activity. Therefore, this suggests that our model is
capable of extracting the distinctive person-person interaction
patterns for different collective activities, even though the
atomic activities in them are similar.

Moreover, by examining the confusion matrix as shown in
Fig. 6, our multi-task extension performs significantly better
than the method of Choi and Savarese [11] (13% margin)
on discriminating the collective activity Gathering from
Talking. The collective activity Gathering and Talking are
hard to distinguish without a discriminative description of
person-person interactions, since the person-person interac-
tions are very similar (e.g. people may always face to
each other) in those cases, which again confirms that our
model is able to extract the class discriminative information
from person-person interactions. Although the previous
work (see [11], [12]) makes use of the person’s facing direc-
tions to describe the atomic activity and the spatial distribution
is also considered, they cannot distinguish the collective
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Fig. 7.

Tllustrate of correctly recognized samples. The first row shows the results on the CAD dataset [1]. The different colors of the bounding boxes

represent the different collective activities: Crossing (Green), Waiting (Blue), Queuing (Yellow), Walking (Red), Talking (Magenta). The second row shows
the results on the Choi’s dataset [2]. Similarly, different colors represent different activities: Gathering (Green), Talking (Magenta), Dismissal (White),
Walking (Red), Chasing (Blue), Queuing (Yellow). (a) Crossing. (b) Waiting. (c) Queuing. (d) Walking. (e) Talking. (f) Gathering. (g) Talking. (h) Dismissal.

(i) Walking. (j) Chasing. (k) Queuing.

activity Talking and Gathering due to lack of a principled
strategy to extract the discriminative information through
learning. It is worth noting that our model performs much
worse on the Chasing class compared to the method by
Choi and Savarese [11]. This can be explained by several
reasons. First of all, although the experimental results illustrate
that person-person interactions play a central role in some col-
lective activity situations, the person-person interactions may
fail to be discriminative under some collective activity scenar-
ios, such as walking and chasing. Both the atomic activities
and person-person interactions in these two collective activities
are very similar. Therefore, it is a challenging task for our
model to distinguish these activities only based on the person-
person interactions. On the contrary, [11] considers a unified
framework on collective activity recognition. It captures not
only the person-person interactions and atomic activities of
each person but also other information, such as the tracklets of
the people, which is very important in distinguishing collective
activities like walking and chasing. What’s more, the definition
of some collective activities are not very clear. Some collective
activities are hard to be distinguished one from the others
(e.g. some activities in chasing looks very similar to walking).
We present some further insights on this aspect by analyzing
some mis-classified samples in next section.

However, it is worth noting that directly comparing different
existing methods might not be possible and feasible, even
under the same experimental settings because the baseline
features of different methods are usually different. The
approach in [12] was mainly based on the spatial distribution
features, whereas Amer et al. [4] employed a diverse set of
features to describe the collective activity on different levels.
The method of Choi and Savarese [11] made use of the
spatial distribution of people, which is similar to ours. The
difference is that we employed the features for describing
atomic activities developed by Wang et al. [36], while
Choi and Savarese [11] used the spatial-temporal
features (STF) developed by Dollar et al [14]. In order
to have a fair comparison with [11], we switch to the spatial-
temporal features developed in [14], which is the same as used
in [11], and run another experiment on the Choi’s dataset.

(b)

Fig. 8.  Illustration of misclassified samples. The ground truth label of
(a) is gathering. Our model predicts its label as talking. This example is used
to illustrate the classification challenges that are caused by the transitions
of collective activities. The ground truth label of (b) is chasing while we
recognize it as walking. This example illustrates the classification challenges
that are caused by the similarity between different collective activities.

Our multi-task extension model could achieve an accuracy
of 82.0%, which is much better than the sate-of-the-art
reported in [11] (79.2%) based on the same type of features.

D. Visual Analysis

Fig. 7 shows some examples that are correctly recognized
by our model (one example per class) on the two datasets, and
Fig. 8 shows some wrongly classified examples.

By examining the misclassified examples in Fig. 8, we
present two main reasons to explain the cases that lead to
the wrong prediction. Firstly, the transitions between different
collective activities can cause wrong recognition. This is
illustrated in Fig. 8(a). This example actually depicts the
transition from a Gathering to a Talking activity. However,
its ground truth is labeled as Gathering in the dataset. Our
model recognizes it as Talking, because their talking inter-
actions (hand shaking) are strong. Secondly, the differences
between some collective activities are subtle and they share
similar atomic activities and person-person interactions to
some extent. Sometimes it is hard to distinguish them due
to the strong similarity. For example, the main differences
between Chasing and Walking are the moving speed and the
gestures of the people. However, their differences become
indistinguishable under some circumstances. For instance, we
recognize the scenario in Fig. 8(b) as Walking because the
atomic activities of the people look more like walking than
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(b)

Effects of parameters d and o on our model. When fixing the parameters f = 0.3 and C = 20, we vary the multi-task method parameter a from

0.1 to 0.9 with a step of 0.1. The parameter d picks the value of 32, 64, 96, 128, 256 and 384 respectively. Best viewed in color. (a) Collective Activity

Dataset [1]. (b) Choi’s Dataset [2].

running with nearly the same interaction (facing to the same
directions), but the dataset defines its collective activity as
Chasing because the people are walking at a high speed.

It is worth noting that our method performs worse on the
Chasing class than the approach in [11] as shown in Fig. 6.
A large portion of the error is due to the misclassification of the
Chasing activity into the Walking activity, and we would like
to point out that the Walking activity is more like an atomic
activity rather than a collective activity, which therefore could
potentially lead to the confusion with other collective activities
(e.g., the Chasing activity with similar atomic activity).

E. Effects of Parameters

In this section, we carry out a set of experiments to test
the effects of different parameters on the performance in the
context of the multi-task extension including the trade-off
parameter oo and the number of columns, d, of the matrix L,,.
We increase o from 0.1 to 0.9 by a step of 0.1, and the value d
is chosen as 32, 64, 96, 128, 256, 384. Parameters f and C
are set as 0.3 and 20 empirically. Fig. 9 shows the results
against different values of o and d on the two datasets. From
this figure, we can see that there is an optimal value of d
which gives the best results on the two datasets. Either larger
or smaller value may decrease the performance. On the one
hand, a small value of d does not give much discriminative
power. On the other hand, a larger value of d tends to cause
the over-fitting problem.

The parameter o in the multi-task extension controls the
trade-off between the shared component Qo and different Q,,s.
The multi-task extension degenerates into the original model
if & = 1, i.e., independent learning. When a decreases, the
corresponding multi-task extension algorithm focuses more on
joint learning. However, the balance of independent learning
and joint learning in different problems are different. Gener-
ally, we may conclude that the performance of our multi-task
extension model tends to be stable as a increases. As shown
in Fig. 9, the multi-task model achieves the best result with
o = 0.9 on the CAD dataset [1] while the best result on the
Choi’s dataset [2] is achieved with o = 0.2. By cross-checking
the results from Fig. 9, Table II and Table III, we can confirm
the multi-task extension is capable of achieving better results
than the original model (a = 1).

—H— Collective Activity Dataset[1]

;

801 o

Accuracy(%)
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Fig. 10. Effects of parameter # on our model. When fixing the parameters
a = 0.6, d =384 and C = 20, we vary the parameter S from O to 4. The
red curve shows the results on Collective Activity Dataset [1] and the green
curve shows the results on Choi’s Dataset [2]. Best viewed in color.

We further test the effect of parameter f as shown in Fig.10.
It can be observed that the lowest performances are achieved
at f = 0, with accuracies of 69.3% on Collective Activity
Dataset [1] and 63.8% on Choi’s Dataset [2], respectively.
When f increases, the performances start to increase rapidly
until saturated. Bear in mind that f = O implies that
LogDet regularization has no impact in the objective function.
The introduction of LogDet regularization has a positive
impact on the performance, mainly due to its capability of
solving the redundancy problem. When f reaches a certain
value of 0.3, the performances start to remain stable, which
means our algorithm is insensitive to the value of f in a
reasonable range. This trend is consistent on both datasets.

VII. CONCLUSION

In this paper, we focus on learning the person-person
interaction and develop a discriminative interaction
response (IR) model for collective activity recognition.
The main characteristic of our modeling is to formulate the
person-person interaction as the generalized inner products
of two atomic activities and the discriminative person-person
interaction patterns of different classes of collective activities
are captured by different interaction matrices. By employing
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the low-rank matrix factorization, the class-specific model also
helps exploit low-rank representation of atomic activity, which
can better describe the person-person interactions under certain
collective activity. A multi-task formulation with an alternating
optimization procedure is proposed, which boosts the
performance by making use of the shared information among
different collective activities. Our study shows that

1) Without jointly learning with tracking, detection, pose
estimation and etc.,, an effective person-person
interaction learning is also able to achieve
state-of-the-art or comparable performance for collective
activities recognition on two benchmarking datasets.

2) Learning the person-person interaction based on
mid-level/raw features can mine more intrinsic relation-
ship between atomic activities.

In this work, we consider all the person-person interactions
that appear in the short video clip. Although the number of
persons in a collective activity is rather small, compared to the
large group size in the task of recognizing activities of crowd,
the number of person-person interactions grows quadratically
as the number of persons increases. But it will not affect the
size of the interaction matrix, thus no increase of number of
variables to estimate. However, this indeed affects the total
number of summation that needs to be calculated in Eq. (1),
which could be handled by distributed computing, e.g., parallel
computing.
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