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Abstract

In this paper, we study the problem of social relational

inference using visual concepts which serve as indicators of

actors’ social interactions. While social network analysis

from videos has started to gain attention in the recent years,

the existing work either uses proximity or co-occurrence

statistics, or exploit a holistic model of the scene content

where the relations are assumed to stay constant throughout

the video. This work permits changing relations and argues

that there exists a relationship between the visual concepts

and the social relations among actors, which is a funda-

mentally new concept in computer vision. Specifically, we

leverage the existing large-scale concept detectors to gen-

erate concept score vectors to represent the video content,

and we further map them to grouping cues that are used

to detect the social structure. In our framework, a proba-

bilistic graphical model with temporal smoothing provides

a means to analyze social relations among actors and detect

communities. Experiments on Youtube videos and theatrical

movies validate the proposed framework.

1. Introduction

Inferring social relations among actors in a video refers

to the process of associating the information content of the

video to interactions among the actors in it. These social

relations are typically encoded in a weighted adjacency ma-

trix depicting the underlying social network which takes

actors as its vertices. A traditional goal in social network

analysis is to detect communities of actors, such that actors

from the same community share strong bonds [20]. In the

recent years, we have seen a handful of studies in the lit-

erature which exploit this theme [25, 21, 5]. These studies,

however, focus only on computing the social relations using

proximity heuristics [25], co-occurrence statistics [21], or

holistic scene content [5]. In this paper, we take the first step

to infer social relations with the existing body of work on

visual concept detection. Following the discussion in [18],

we believe social relations, when used with other observa-

Walking − positive relations Hotel − positive relations

(0.70645) (0.73007)

Fighter combat − negative relations Car crash − negative relations

(0.73025) (0.81069)

Figure 1. Visual concepts are indicative of social relations among

actors. The first row shows concepts that are generally related

to actors from the same social community, while the second row

shows the opposite. In parentheses, we report the concept detec-

tion scores which are bounded between [0, 1].

tions, provide significant contextual information that will

aid disambiguating hard computer vision problems, such as

object recognition and action recognition.

Our main conjecture is that visual concept detection,

compared to low-level video information, provides useful

semantic features for inferring social relations. For exam-

ple, individuals involved in fighting on a battle scene tend

to be enemies, while individuals jogging leisurely together

tend to be friends. In Figure 1, we show a set of examples

depicting this observation. In this figure, different visual

concepts are linked to social relations among actors in either

the same or different (sometimes rival) communities. The

relations between locations, actions and social interactions

have recently been studied in other research areas [3, 14];

however, to the best of our knowledge, such intuition has

not been considered in the computer vision field.

In the recent years, semantic visual concept detection,

such as snow, river, car racing, etc., has become a popu-

lar tool in indexing and retrieval of visual content in large

image and video collections [22, 26, 19, 4, 6]. Recently,

researchers, information analysts, and ontology specialists
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jointly defined the LSCOM ontology [12], which includes

more than 834 useful, feasible and observable visual con-

cepts that are related to events, objects, locations, people,

and programs which are found in broadcast news videos.

From among these semantic visual concepts, Yanagawa et

al. [23] have provided support vector machine (SVM) de-

tectors for 374 trained concepts, which are referred to as

Columbia-374. Due its public availability and broadness,

we have adopted the Columbia-374 as our base detectors.

Given the visual concepts detected using Columbia-374,

we map the video content to a grouping cue at each video

scene, and learn social network representations using ac-

tor occurrence patterns together with the inferred grouping

cues. Once social networks are estimated, we use a proba-

bilistic graphical model as the analytical tool, which poses

community detection as a probabilistic inference problem.

In comparison to state-of-the-art, the proposed approach al-

lows changes in social relations over time and assumes tem-

poral smoothness in such relations. This treatment leads

to better accuracy in inferring the relations and enables the

new functionality of analyzing changing relations.

The two main contributions made in this paper include

inference of social relations from visual concepts, and in-

troduction of a probabilistic model with temporal smooth-

ing for discovering social communities. The remainder of

this paper is organized as follows. We will first give a brief

overview of related research. In Section 2, we will discuss

the use of visual concepts, followed by Section 3 on learn-

ing and analyzing social networks. We report experimental

results in Section 4, and conclude in Section 5.

Related Work Social networks have long been a topic of

research in sociology, which have been predominantly used

to detect communities and understand the flow of informa-

tion among their members [20]. Recently, other research

fields, which include data mining, computer vision and mul-

timedia analysis, have started using social networking to

solve problems in their respective domains [24, 25, 21, 7].

For instance, Eagle and Pentland [7] have exploited the mo-

bile phone usage log-entries (non-visual) to infer social net-

works. As videos become ubiquitously available, we be-

lieve the research proposed in this paper will open new di-

rections for studying social phenomena from videos.

Extracting social content from video is a challenging

task, primarily, due to the gap between low-level features

and high-level social interactions. In context of surveillance

videos, Yu et al. [25] define social relations between actors

using a proximity heuristic. While not necessarily repre-

senting social phenomena, resulting relations provide their

approach a basis to detect communities using a traditional

social networking tool referred to as the modularity cut [13].

In a similar fashion, Ge et al. [9] define existence of social

relations based on proximity and relative velocity between

the objects, which are later used to detect communities by

using well-known clustering techniques. For learning com-

munities and leaders in videos, Ding and Yilmaz [5] con-

struct a social network from low-level audiovisual features

which relate to learned interactions among actors. The au-

thors use a modified max-min modularity algorithm to ex-

tract communities from the social network.

A common trend in social network analysis, including

the ones cited above, is to assume that the social networks

remain constant and the relations between actors do not

change in time. This assumption requires an off-line anal-

ysis of the video and does not respect the evolutionary na-

ture of human interactions. We address these limitations by

using a probabilistic method which models evolving com-

munities as a stochastic process of actor-community as-

signments. This treatment of social relations relates to the

model proposed in [24]. Our approach, however, considers

real-valued links that result from general modes of inter-

actions in a social setting. The probabilistic characteristic

provides our approach with the ability to elegantly gener-

ate more than two communities compared to the modularity

cut, which requires a heuristic iterative process [13].

2. Using the Visual Concepts

Our work is based on the explicit use of visual concepts

for inferring social structures among the actors in a video.

In this section, we will first discuss the large repository of

base detectors that we adopt to represent the video content.

Following this discussion, we will introduce the approach

taken to map concept detection scores to grouping cues.

The mapping is performed at the scene-level and provides a

means to characterize the relations among actors within that

video scene.

2.1. Base Concept Detectors

For detecting base concepts, we use the three low-level

features exploited in [23], which include the color, texture

and edges computed from keyframes in a video. Specifi-

cally, for the grid color moment (GCM) feature, we extract

the first 3 moments of the 3 channels in the CIE LUV color

space over 5×5 fixed grid partitions, and aggregate the fea-

tures into a single 225-dimensional feature vector. The tex-

ture is modeled by the Gabor texture (GT) feature, which

we extract by taking 4 scales and 6 orientations of Gabor

transformations and use their means and standard devia-

tions. This process provides a texture feature in the form

of a vector with 48 dimensions. The edge content in the im-

age is modeled using the edge direction histogram (EDH),

which is composed of 73 dimensions corresponding to 72
bins of edge direction quantized at 5 degree intervals and 1

bin for non-edge points.

A video is composed of multiple scenes which may con-

tain individuals performing activities for a common cause.
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In our approach, we use the temporal extent of a scene to

extract observations relating to the social content and con-

sider that the visual content in a scene is represented by its

keyframes. Following the extraction of D keyframes using

[15], we compute low-level features for each keyframe i.

These features are then used to estimate a normalized score

from the SVMs which are independently trained on each

low-level feature1: fi,j for three feature types j = 1, 2, 3.

The average of the three scores f i = 1
3 (fi,1 + fi,2 + fi,3)

is used as the overall score for the ith keyframe. Finally,

we compute the visual concept score by max-pooling over

all keyframes within the scene bounds, maxi f i. This pro-

cess, when performed for all 374 visual concepts, results in

a 374-dimensional semantic vector representing the scene.

Each element of the semantic vector provides the confi-

dence score corresponding to a semantic concept. This mid-

level representation has previously been shown to abstract

the visual content in videos [22] and is used as the basis for

inferring social relations in this paper.

2.2. Mapping Semantic Concepts to Grouping Cues

Let us assume that a video V is composed of M scenes,

s1, s2 · · · sM , each of which contains a set of actors Ci and

has an associated grouping cue βi ∈ [−1,+1]. The group-

ing cue serves as a basis to decide whether the actors co-

occurring in the scene belong to the same (βi > 0) or dif-

ferent (βi < 0) communities. In our setting, the larger the

absolute value of βi is, the more stringent the correspond-

ing constraints are. Note that the concept of grouping cue

generalizes the adverseness measure as used in [5], as we

do not stipulate the types of videos or social relations.

Clearly, not all the dimensions of the semantic vectors

are equally informative towards social relations. Addition-

ally, detecting some of the visual concepts may be unsatis-

factory due to their large variability or relatively small spa-

tiotemporal extents. To address this issue, we use a super-

vised dimension reduction method known as kernel local

Fisher discriminant analysis (KLFDA) [17], which effec-

tively combines the ideas of Fisher discriminant analysis

and locality preserving projection [8, 10]. It has an ana-

lytic form of the embedding transformation and the solution

can be computed by solving a generalized eigenvalue prob-

lem. Due to the page limit, we refer the reader to the details

in [17]. In Figure 2, we show several examples of this al-

gorithm on synthetic data to demonstrate its capabilities in

reducing dimensions based on the data structure and given

labels. By applying this data-dependent transform, we de-

rive a more informative and compact representation, which

is a d-dimensional vector for each video scene, for learning

the social relations.

In order to estimate the grouping cues βi from the d-

1A normalized score is the raw decision value from an SVM trans-

formed by a logistic function.
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Figure 2. Synthetic examples show the power of supervised di-

mension reduction. Displayed are the histograms of the projected

1D values for the two classes. After the projection, only useful

information towards class labeling is kept.

dimensional transformed semantic vectors, we use support

vector regression (SVR). The goal is to find a function g(·)
that has at most ǫ deviation from the labeled targets for all

the training data, and at the same time is as flat as possi-

ble. It is shown in [16] that the final decision function can

be written as: βi = g(si) =
∑L

j=1(αj − α∗
j )Klj ,i + b,

where αi and α∗
i are the Lagrange multipliers for labeling

constraints, b is an offset, L is the number of labeled scene

examples, and lj is the index for the jth labeled scene ex-

ample. In our problem domain, the kernel K is chosen as a

radial basis function kernel over the concept score vectors.

This kernel together with training scenes and their grouping

cues βi = +1 (scene with members of same community)

and βi = −1 (scene with members from different commu-

nities) leads to grouping constraints for a novel video. This

is achieved by estimating the corresponding βi using the re-

gression learned from labeled video scene examples from

other videos in the training set.

3. Social Relational Inference

The proposed model for social relational inference from

videos relies on estimated social networks from which so-

cial communities are detected. Let each video contain a

number of partitions, each of which is composed of a num-

ber of scenes. We build social networks with connectivity

matrix W t to represent social relations from the start of the

video until partition t. This treatment honors the evolving

nature of relational formation and allows social networks

that can change based on past observations.

Specifically, social networks are learned by means of a

Gaussian process based affinity learning method. The actor-

scene appearance matrix A = {aij}, where aij = 1 if actor

cj appears in scene si, and estimated βi’s up to the end of

partition t of the video (or equivalently φ(t)th scene) are

used to infer the membership vector f of the actors. It can

be verified that P (f |A, β) ∝ exp(− 1
2 f

T W t−1
f) is a Gaus-

sian process with zero mean. We let W t = {wt
ij}, and

use wt
ij = E{fifj |A, β} as the learned affinity between
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Algorithm 1 Community detection from social networks

Input: Social affinity matrices WT .

Output: Z∗
T ≈ arg max P (ZT |WT ) with the post-

convergence ZT samples generated below.

Randomly initialize ZT .

for r = 1 to Ms do

for each time step t do

for each actor i do

Compute the distribution P (zt
i |ZT\{i,t},WT ) us-

ing the current ZT .

Sample the community assignment zt
i from the

distribution above, and update the corresponding

entries of ZT .

end for

end for

end for

the actors ci and cj . In this formulation, it follows that

W t = (M t)−1, where the elements of M t = {mt
ij} are:

mt
ij =

∑

k≤φ(t):ci,cj∈sk

−sgn(βk)α2
kβ2

k, (1)

for i 6= j where sgn(·) is a sign function; otherwise,

mt
ii = 1 +

∑

l 6=i

∑

k≤φ(t):ci,cl∈sk

α2
kβ2

k. (2)

In these equations, αk = exp(−ρ(φ(t) − k)), where ρ is a

decay parameter emphasizing more recent video content.

We proceed by separating the learned affinity matrix W t

into principal U t = {ut
ij} and complementary V t = {vt

ij}
affinity matrices where W t = U t−V t, ut

i,j = wt
i,j for pos-

itive entries of W t, and vt
i,j = −wt

i,j for negative entries of

W t. U t and V t respectively represent the relatedness and

unrelatedness between actors in terms of community mem-

berships. Additionally, in order to suit the probability mass

functions presented next, values of U t and V t are quantized

into nb uniform bins, starting from 0. Thus, their values are

converted to integers within the range [0, nb − 1].
Community detection deals with associating each one of

the n actors to K different communities at each time step

t. As illustrated in Figure 3, at time instant t, the hidden

quantity to estimate is the binary community assignment

matrix Zt = {zt
ik}, which is an n × K matrix. In this

setting, zt
i denotes the membership of actor i at time t, such

that, zt
ik = 1 for k = zt

i , and zt
ik = 0 for k 6= zt

i . In

the figure, the observation at each time step is denoted by

W t which is estimated ahead of time from co-occurrence

patterns and learned visual concepts. Intuitively, the model

works by maximizing the agreement between Zt and W t. It

also encourages the nearby Zt estimates to evolve smoothly

in a temporal order. Specifically, the probabilistic relations

among variables are as follows,

Figure 3. The model for detecting social relations, which outputs

detected community memberships of actors at each time step.

• z1
i |π is a multinomial distribution, P (z1

i |π) = Πkπ
z1

ik

k .

• zt
i |z

t−1
i , S follows a multinomial distribution,

P (zt
i |z

t−1
i , S) = Πk,lS

z
t−1

ik
zt

il

kl , where the transition

probability matrix S ∈ R
K×K . That is, if actor i

belongs to community k at t − 1, then at time t, he

will remain in the same community with probability

Skk, or he will change to another community l with

probability Skl.

• ut
i,j |z

t
i , z

t
j , Q follows a geometric distribution,

P (ut
ij |z

t
i , z

t
j , Q) = Πk,l(Q

uij

kl (1 − Qkl))
zikzjl

.

• vt
i,j |z

t
i , z

t
j , Q

′ follows a geometric distribution,

P (vt
ij |z

t
i , z

t
j , Q

′) = Πk,l(Q
′vij

kl (1 − Q′
kl))

zikzjl
.

The matrices Q,Q′ ∈ R
K×K are link probability

matrices respectively for principal and complementary

affinities, where diagonal and off-diagonal elements

respectively refer to within-community link probabili-

ties and between-community link probabilities.

One possibility to estimate the model parameters π, S, Q
and Q′ is to use training data. Point estimation for these pa-
rameters, however, is less stable and reliable, especially in
the case when data samples are insufficient and noisy [11].
Following this observation, we use Bayesian inference and
attach conjugate prior distributions to the unknown param-
eters [24]. In this way, Dirichlet distributions are assumed
for π and S, and Beta distributions are assumed for Q and
Q′ as follows, where Γ(·) is a Gamma function:

P (π) =
Γ(

∑

k γk)

ΠkΓ(γk)
Πkπ

γk−1

k , (3)

P (S) = Πk

Γ(
∑

l µkl)

ΠlΓ(µkl)
ΠlS

µkl−1

kl , (4)

P (Q) = Πk,l≥k

Γ(αkl + βkl)

Γ(αkl)Γ(βkl)
Q

αkl−1

kl (1−Qkl)
βkl−1

, (5)

P (Q′) = Πk,l≥k

Γ(α′
kl + β′

kl)

Γ(α′
kl)Γ(β′

kl)
Q

′α
′
kl−1

kl (1−Q
′
kl)

β′
kl−1

. (6)

Let WT = {W i}T
i=1, ZT = {Zi}T

i=1 and θ =
{π, S,Q,Q′}. In a video some actors may appear at a later
time compared to other actors. In order to handle such sit-
uations, we denote the first time step that actor i appears as
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τi. We also define the following auxiliary function:

L(α, β, w) = Πk,l>kB(αkl +

T
∑

t=1

∑

i:τi≤t

∑

j 6=i:τj≤t

(z
t
ikz

t
jl + z

t
ilz

t
jk),

βkl +

T
∑

t=1

∑

i:τi≤t

∑

j 6=i:τj≤t

w
t
ij(z

t
ikz

t
jl + z

t
ilz

t
jk))

×ΠkB(αkk +
1

2

T
∑

t=1

∑

i:τi≤t

∑

j 6=i:τj≤t

(z
t
ikz

t
jk + z

t
ikz

t
jk),

βkk +
1

2

T
∑

t=1

∑

i:τi≤t

∑

j 6=i:τj≤t

w
t
ij(z

t
ikz

t
jk + z

t
ikz

t
jk)), (7)

where B(·) is a Beta function. Given the above distribu-
tions, the overall likelihood is computed by:

P (WT , ZT ) =

∫
(

Π
T
t=1

P (W
t
|Z

t
, Q, Q

′
)

Π
T
t=2

P (Z
t
i:τi≤t−1

|Z
t−1

i:τi≤t−1
, S)Π

n
i=1

P (z
τi
i

|π)P (θ)

)

dθ

∝ ΠkΓ(

n
∑

i=1

z
τi
ik

+ γk)L(α, β, u)L(α
′
, β

′
, v)

×Πk

ΠlΓ(
∑ T

t=2

∑

i:τi≤t−1
z

t−1

ik
zt

il + µkl)

Γ(
∑

T
t=2

∑

i:τi≤t−1
z

t−1

ik
+

∑

l
µkl)

. (8)

In the case when all actors appear at t = 1, we have τi = 1
for all i, such that the above equation can be simplified.

For details on Gibbs sampling used for our social relational

inference algorithm we refer the reader to Algorithm 1.

In short, the key is to sample form P (zt
i |ZT\{i,t},WT ),

where ZT\{i,t} denotes all the community memberships

except actor i’s at time step t. This quantity is propor-

tional to P (ZT ,WT ) given fixed values of all other com-

munity assignments. After the inference algorithm stops,

the proposed approach provides the complete set of ZT es-

timates. In other words, the corresponding communities be-

come detected. The time complexity of the whole process is

O(MsT
2n3), where Ms is the number of Gibbs iterations.

4. Experiments

In order to demonstrate the performance of the proposed

framework, we experiment with two types of videos: the-

atrical movies and Youtube videos. In particular, the exper-

iments on theatrical movies provide us with the ability to

compare against [5]. Experiments on Youtube videos are

exercised to test the approach with data that introduce new

challenges, such as low quality and short duration. Addi-

tionally, we have expanded the movie dataset provided in

[5] to 20 movies2.

2The additional ten movies cover a variety of genres and include:

(1) Austin Powers - The International Man of Mystery (1997); (2)

The Dark Knight (2008); (3) Harry Potter and the Goblet of Fire

(2005); (4) The Italian Job (2003); (5) Minority Report; (6) Office

Space (1999); (7) X-Men: The Last Stand (2006); (8) Avatar (2009);

(9) The Bourne Ultimatum (2007); (10) Pirates of the Caribbean:

Curse of the Black Pearl (2003). The datasets are available at

http://dpl.ceegs.ohio-state.edu/resources.php.

Most informative Rates Least informative Rates

NaturalDisasters 68.5% Cloverleaf 50.0%

Shooting 68.2% SingleFamilyHomes 54.1%

Groom 68.1% Girl 55.1%

Moonlight 68.1% WaterTower 55.8%

Cityscape 68.1% Non-usNationalFlags 55.8%

Ship 68.0% Farms 56.5%

Beach 67.9% Computers 56.8%

BoatShip 67.8% Camera 57.0%

Cheering 67.8% Bicycle 57.0%

Sitting 67.8% CigarBoats 57.0%

Table 1. Average accuracy using a single visual concept for group-

ing cue estimation using the movie dataset. Left: 10 most infor-

mative concepts with the highest accuracy. Right: 10 least infor-

mative concepts with the lowest accuracy.

Preliminary Analysis Before performing social infer-

ence, we first validate the information retained by visual

concept detection for social relational analysis. Since each

visual concept detector provides different information, we

inspect the most and the least informative concepts by per-

forming empirical analysis on the 20-movie dataset using

the following procedure.

For each of the 374 concept detectors, we perform kernel

density estimation of the concept scores for scenes where

grouping cue labels equal +1. Similarly, we estimate den-

sities for scenes with −1 grouping cues. For each visual

concept, this procedure provides two one-dimensional den-

sity functions. According to the maximum likelihood (ML)

rule, we compute the classification accuracy by applying the

two estimated density functions on the two classes of con-

cept scores respectively. Therefore, each visual concept i

has a corresponding accuracy rate pi, averaged over the two

classes. The larger this value is, the more information it

contains for social relational analysis. We tabulate the out-

come of this analysis in Table 1 for the 10 most (left) and

10 least (right) informative concepts. As can be observed,

concepts like “beach” and “shooting” are informative, since

they contain information relating to social phenomena. On

the other hand, concepts like “camera” and “bicycle” do not

contain as much information, due to the fact they are not

easy to recognize and do not relate as much to social in-

teractions. “Farms” is a concept uncovered in our movie

dataset, and thus it is less informative. While a semantic

concept vector carries more information compared to the in-

dividual concepts, our analysis demonstrates the usefulness

of the concepts for relational inference.

Movie dataset We perform two sets of experiments on

movies. The first experiment uses the 10-movie dataset pro-

vided in [5] in order to compare with the results therein.

The second experiment is performed on the larger dataset

with 20 movies to perform comparative analysis of a set of
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Figure 4. Detected communities for 20 movies. Actors are arranged in communities (C1, C2 and C3 from top to bottom) according to

the movie plots. Actors incorrectly associated with communities are displayed in colored shades. For those actors, computed community

indices are marked next to their names when the movie contains more than two communities.

Methods Prec(+) Prec(-) Prec(ave) F1

Baseline [5] − − 78.2% 76.0%

Proposed-10 (d=50) 83.1% 85.0% 84.1% 81.9%

Proposed-20 (d=100) 76.9% 85.7% 81.3% 80.7%

Proposed-20 (d=50) 77.8% 88.0% 82.9% 81.1%

Modularity-20 − − − 77.5%

Spectral clustering-20 − − − 78.5%

PCA-20 (d=100) 77.1% 80.7% 78.9% 75.6 %

PCA-20 (d=50) 76.7% 79.5% 78.1% 75.3 %

Base concept-20 75.5% 78.5% 77.0% 74.9%

No concept-20 43.6% 35.0% 39.3% 41.0%

Table 2. Comparative analysis against other approaches. The mea-

sures used are as follows: Prec(+): precision of β estimates for the

positive class; Prec(-): precision of β estimates for the negative

class; Prec(ave): average precision; and F1 measure for commu-

nity detection averaged over all videos, which is the final score for

social relational inference.

different methods for grouping cue labeling and commu-

nity detection. The parameter used for videos are as fol-

lows: γk = 10, µkk = 10, µkl = 1(k 6= l), αkk = 100,

αkl = 1(k 6= l), βkl = 10, α′
kk = 1, α′

kl = 100(k 6= l),
β′

kl = 10, ρ = 0.01, Ms = 500, D = 10, φ(t) = 20t.
The movie scenes and actor-scene appearance matrices are

detected using the method described in [5]. Quantitative

analysis tabulated in Table 2 is performed on the following

approaches, where the number 10 or 20 respectively refers

to the smaller and larger dataset, and d refers to transformed

dimensionality:

• Baseline approach [5]: SVR and modularity cut are

used for learning and analyzing social networks;
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Figure 5. The number of actors changing community membership

as a function of time. Red curves describe the results from our

framework. Blue curves show the results from a variant of our

framework where the temporal links are removed between all pairs

of Zt and Zt+1 in the graphical model.

• Proposed: the framework detailed in this paper. The

semantic vectors are transformed using KLFDA;

• Modularity variant: modified max-min modularity cut

in [5] is used for detecting communities instead of the

proposed method;

• Spectral clustering variant: the spectral clustering

method in [2] with temporal smoothing is used for de-

tecting communities instead of the proposed method;

• PCA variant: supervised feature extraction (KLFDA)

is replaced with principle component analysis;

• Base concept variant: supervised feature extraction is

skipped in the proposed framework;

• No concept variant: the visual concept detection step

is removed from our framework. That is, the low-level

features are directly mapped to grouping cues.
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Figure 6. Evolution of communities with respect to time. Commu-

nity membership is plotted as as a function of time. Left: automat-

ically computed results. Right: ground truth labeling according to

movie plots. Best viewed in color.

From the table, it can be seen that the proposed method

works better than the baseline approach on both reported

measures. On the same 10-movie dataset, our method

works considerably better by close to 6% in the final F1

measure of community detection, with no use of tailored

visual features. On the larger set, our proposed method

outperforms other alternatives for grouping cue estimation

or community detection by appreciable margins. Gener-

ated communities from our proposed approach are shown

in Figure 4. The actors’ names are arranged in boxes ac-

cording to ground truth social communities. Actors with in-

correctly computed community memberships judging from

ground truth are displayed in colored shades. The computed

group indices are marked next to the actors’ names when the

movie contains more than two communities.

Finally, we show the evolving actor-community associa-

tions in Figure 5 for all 20 movies in the dataset. The figure

contains plots of the number of actors changing their com-

munity membership at each time step. Red curves describe

the results from our framework, while blue curves show the

results from a variant of our framework where the temporal

links are removed between all adjacent pairs of Zt vertices,

and π is connected to all Zt in the graphical model. It can be

seen that our proposed approach with temporal links helps

to smooth the social relation estimates, as the number of ac-

tors updating their membership tends to be smaller. For de-

tailed analysis on dramatic relational changes, we illustrate

an example in Figure 6 for the three communities occur-

ring in the movie titled Pirates of the Caribbean: Curse of

the Black Pearl (2003). In the figure, the communities are

represented as boxes, where the left column shows the com-

puted results and the right column shows the ground truth.

Our approach successfully detects the community evolution

of actors from C2 to C3.

Youtube dataset In order to demonstrate the generality of

our proposed framework, we collected 20 Youtube videos

from two categories (soccer game and demonstration, see

Figure 7), each containing 10 videos. In this experiment,

due to the lack of detailed actor identification, and the in-

feasibility to compute social communities, we test the per-

formance of grouping cue estimation using visual concepts.

The soccer videos contain two competing communities and

the demonstration videos contain policemen and demon-

strators confronting the policemen.

We consider visual event categories and label them as

an intermediate step. For soccer videos, the labeled events

are “chasing”, “confronting”, “hugging” and “others”. For

demonstration videos, the labeled events are “marching”,

“confronting”, “public speaking” and “others”. We assume

the video composed of 4 second scenes that respect the shot

boundaries. In order to evaluate the estimation of grouping

cues at the scene level, we manually generate the ground

truth for each video, which labels +1 if only members

from one community appear and −1 if members from both

communities co-appear3. Learning is carried out using the

leave-one-video-out strategy.

In addition to the features introduced earlier (GCM, GT,

EDH), we include a motion representation similar to the his-

togram of oriented optical flows presented in [1]. Around

the keyframe of each scene, optical flow orientation his-

tograms are generated in a window of 20 frames. The 8-bin

histogram is weighted by the magnitude of observed mo-

tion, and provides an 8-dimensional motion feature vector

for the video scene. A joint product kernel fusing appear-

ance and motion features provides the similarity between

the video scenes. Finally, support vector learning is used

to map to visual concepts and then to grouping cues as dis-

cussed for the movie experiment.

In Figure 8, we summarize the performance of estimat-

ing grouping cues for each type of video in terms of the

precision rate, which is the percentage of accurately labeled

scenes in each predicted sub-category. In the figure, Prec(+)

refers to precision of the positive class and Prec(-) refers

to that of the negative class. It can be seen that the vari-

ant with additional motion features outperforms the variant

without motion features, possibly due to rich motion con-

tent in these video types. We should note that the rela-

tively low performance of the negative group for demonstra-

tion videos is due to the non-discriminative visual features

in demonstrations that contain both communities. Collec-

tively, learning grouping cues from event modeling works

well for both video types with average precision rates at

84.8% and 72.0% respectively for soccer and demonstra-

tion videos using the combination of features.

3The ground truth labeling is performed by individuals. The final labels

are chosen only when more than two individuals agree.
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Figure 7. Interactions within (left two images) and across (right

two images) communities have distinctive patterns. The scenes

are taken from soccer-game and demonstration videos downloaded

from Youtube.
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Figure 8. Precision rates of grouping cue labeling for the two types

of videos. Listed are Prec(+) (precision of the positive class),

Prec(-) (precision of the negative class) and their average.

5. Conclusions

In this paper, we have shown that that social relational in-

ference can benefit from detecting the visual concepts from

videos. We have also introduced a temporally smoothed

probabilistic model for performing community detection

from learned social networks with real-valued links. Ex-

perimental results show that the proposed framework has

worked well and advanced the state-of-the-art of social re-

lational inference from videos.
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