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Abstract—Social Working Memory (SWM) plays an important
role in navigating social interactions. Inspired by studies in
psychology, neuroscience, cognitive science and machine learning,
we propose a probabilistic model of social working memory
to mimic human social intelligence for personal information
retrieval in social interactions. First, we establish a semantic
hierarchy as social long-term memory to encode personal infor-
mation. Next, we propose a semantic Bayesian network as the
social working memory, which integrates the cognitive functions
of accessibility and self-regulation. One sub-graphical model
implements the accessibility function to learn the social consensus
about information retrieval based on social information concept,
clustering, social context, and similarity between persons. Beyond
accessibility, one more layer is added to simulate the function
of self-regulation to perform the personal adaptation to the
consensus based on human personality. Two learning algorithms
are proposed to train the probabilistic SWM model on a raw
dataset of high uncertainty and incompleteness. One is an efficient
learning algorithm of Newton’s method, and the other is a
genetic algorithm. Systematic evaluations show that the proposed
social working memory model is able to learn human social
intelligence effectively and outperforms the baseline Bayesian
cognitive model. Toward real-world applications, we implement
our model on Google Glass as a wearable assistant for social
interaction.

Index Terms—Cognitive modeling, artificial social intelligence,
social working memory, personality model, probabilistic model,
generative model, Bayesian cognitive model, statistical learning,
machine learning, computational social intelligence.

I. INTRODUCTION

NAVIGATING social interactions requires the cognitive
ability to retrieve, maintain and manipulate social in-

formation about people’s characteristics, personal profile, and
relationships among people [1], [2]. Such social information is
helpful to predict another person’s perspective, social identity,
and intention under certain social situations [3]. However,
psychological research has shown that people may frequently
encounter difficulties to recall the name and personal identity
information when meeting a person in real world [4], [5].
When that happens, if one could get some relevant social
information about the guest at the moment, it will help him/her
to navigate through a social interaction more effectively [3].

Social memory plays an important role for accessing and
managing information in social interactions [6]. Memory con-
sists of long-term memory and working memory [7]. The

L. Li, Q. Xu, C. Tan, and J.H. Lim are with the Department of Visual
Computing, Institute for Infocomm Research (I2R), Singapore, 138632. E-
mail: {lyli,qxu,cheston-tan,joohwee}@i2r.a-star.edu.sg. T. Gan is now with
Shandong University, China. E-mail: gantian@sdu.edu.cn.

Manuscript received April 19, 2005; revised August 26, 2015.

former refers to the cognitive capability to represent, organize
and store information, and the latter refers to the cognitive
ability to retrieve, temporarily store, and manipulate relevant
information in the current situation [6]. In terms of functional-
ity, working memory can be thought of as a mental workspace
which links long-term memory, perception and action. Prior re-
search focuses on understanding and interpretation of how the
human brain processes social information. Existing cognitive
models of social memory focus on general-purpose memory
structures and operations [8]. Less effort has been made to
develop computational models of social memory to perform
human-like social intelligence in real-world scenarios.

There has been persistent interest in integrating cognitive
and computer science to develop computational cognitive
models. The outcome can provide deep insights into human
intelligence, quantitative assessment of an individual’s mental
capability. It may also lead to practical applications in areas
such as healthcare and robotics [9]. In this paper, we propose
a probabilistic model of social working memory (SWM) for
personal information retrieval. First, based on the clustering
of social information, a semantic hierarchy of biographical
information is established to embody the social long-term
memory. Next, combining psychology and Bayesian approach,
we propose a Bayesian network model for social working
memory. It integrates cognitive functions of accessibility and
self-regulation, where the former represents cognitive con-
sensus (or “wisdom of crowd” [10], [11]) about information
retrieval and the latter characterizes the effect of human
personality on information selection. The function of acces-
sibility is to combine social context, information hierarchy,
and inter-person similarity to perform Bayesian inference for
information retrieval. The function of self-regulation is to
enable personal adaption on the consensus. To train the SWM
model, we develop an efficient algorithm using Newton’s
method and a global optimization algorithm based on genetic
algorithm. Through a user study, it is shown that our model
is effective in learning human social cognition and achieves
human-like social information retrieval, which is superior to a
baseline cognitive model.

In a social encounter, retrieving related social informa-
tion about a person is the first step to engage in a social
interaction [12]. In this regard, some external support for
instantaneous retrieval of the biographical information of an
unfamiliar person would be very helpful [8], [13]. Similarly,
for friends or acquaintances who have not met for a while,
retrieving and displaying relevant social media posts may
also help enhance the social interaction. Recently, wearable
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cameras such as Google Glass, provide an opportunity to
easily acquire information in real-world social interactions. In
this work, we develop a prototype on Google Glass and a
smart phone, which is tested for real-time assistance in social
interactions [14].

The main contribution of this paper is the development
of a computational model of social memory for personal
information retrieval. The core novelty lies in the probabilistic
model of SWM. In particular, we propose (a) a computational
framework of social memory which consists of a semantic
hierarchy as social long-term memory and a probabilistic
model as SWM; (b) a Bayesian network model of SWM
that integrates a Bayesian function to accommodate human
personality patterns and a Bayesian approach for learning
social consensus and performing online inference; (c) two
efficient learning algorithms to train the SWM model.

A. Related Work

Remembering information about a person, called person
memory, has long been an interesting topic in psychology [15].
It is partially related to the situation when one encounters a
familiar person but cannot recall his/her name or other relevant
personal information [4], [5], [16]. Researchers try to under-
stand what information we remember about others and why we
remember it [15]. There is vast amount of work in psychology
focusing on person memory [17], [18], [19]. The science of
person memory pursues a comprehensive understanding on the
elements about another person being remembered; the cogni-
tive process of information acquisition, encoding, storage, and
retrieval in person memory; the structure of person memory;
and the evolution of person memory [15]. A few cognitive
models have also been proposed for social memory, such as a
serial model [20], a separate store model [21], a connectionist
model [4], and semantic encoding of name and faces [22]. The
psychological and cognitive research on person memory has
greatly increased our knowledge of social memory. However,
they do not provide computational models of person memory
which can carry out human-like social information retrieval in
real-world social interactions.

There has been increasing amount of work in applying
Bayesian models to understand human cognition. More and
more evidence has shown that Bayesian probabilistic compu-
tations play an important role both in functional and structural
(neural circuit) level of cognition [23], [24], [25], [26], [27].
At the functional level, human cognitive behavior in everyday
activity demonstrates a form of Bayesian computing, which
integrates the perception related uncertainty with the prior
knowledge to produce an optimal prediction [28]. Bayesian
probabilistic models provide a flexible and principled frame-
work to bridge the gap between traditional cognitive models
that are based on symbolic representations and statistical
approaches that are based on behavioral data [9], [29]. Many
Bayesian models of cognition have been developed for a broad
spectrum of human cognition, including perception, inference,
memory, learning, language, and motor control [9], [30]. For
a comprehensive review of Bayesian models of cognitive
science, readers can refer to [9], [29], [30], [31].

Our model is different from state-of-the-art Bayesian models
of cognition in three aspects. First, existing Bayesian methods
for cognition focus on validating the assumptions on cognitive
models, explaining mechanisms or experimental data about
human cognition, and assessing individuals’ cognitive abil-
ity [31]. Our model is developed to perform human cognitive
task in real-world applications. Second, the Bayesian mod-
els of cognition are typically implemented as a hierarchical
Bayesian model [29], [32]. At the top of the hierarchy are
the distributions of parameters, or hyperprior, which gov-
ern the distributions of prior parameters at the lower levels
of the hierarchy. Computational expensive MCMC (Markov
Chian Monte Carlo) algorithm is employed to learn from
experimental data. We develop a semantic Bayesian network
model to perform probabilistic inference for social information
retrieval. Third, only a few Bayesian models are proposed
for social cognition, including a Bayesian model to predict
the goal of a person from the observed behavioral data [33],
Hierarchical Bayesian model to learn the expertise knowledge
on a ranking problem and assess individual difference in the
cognitive ability [11], [34], Bayesian computing to predict
the words of a speaker from utterance under the prior about
world state and information access for language understanding
in social cognition [35], and Bayesian approaches to analyze
the experimental data on human behavior of “mentalizing”
in social interaction [36] and assess the trait-related difference
for autism identification [37]. Bayesian models have also been
extensively employed in computational cognitive models to
tackle the complexity, dynamics and uncertainty in real-world
tasks [38], [39], [40]. To our knowledge, our model is the
first Bayesian model of SWM for information retrieval towards
real-world applications.

In psychology, long-term memory and working memory
construct the cognitive model of memory [7], [41], [42]. Es-
pecially for working memory, psychologists have investigated
it from many angles, including information organization [43],
strategies for information maintenance and manipulation [44],
[45], neural mechanisms [44], [46], and relationship between
differences in working memory processes and that in general
intelligence and reasoning [47]. Social intelligence of human
beings relies on SWM [12]. Recent neuroscience investigations
on fMRI scanning suggest that there are two neurocogni-
tive networks supporting working memory systems: lateral
frontoparietal system and medial frontoparietal system [48].
Cognitive working memory (CWM) and SWM may both rely
on the former network supporting generic working memory
processes, but only SWM may specifically recruit the lat-
ter network [49]. Behavioral evidence suggests that social
working memory is a limited capacity system [50]. In [8]
the authors suggest that chunking might be the mechanism
of social working memory. They inspire us to establish the
computational framework of social memory in this paper.

Social intelligence is the ability to get along with others and
get them to co-operate with you [3], [13], [51]. Artificial social
intelligence (ASI) has been an important and challenging
topic in artificial intelligence (AI) since 1990’s [52], [53].
Sociologists and AI researchers have explored various artificial
intelligence technologies, such as symbolic processors, expert
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systems, neural networks, genetic algorithms, and classifier
systems, to establish working systems of artificial social in-
telligence [54], [55]. Computational intelligence models in-
spired by biological and cognitive mechanisms have become
active research topics in the science community due to their
effectiveness and efficiency for intelligent systems [38], [56],
[57], [58], [59], [60], [61], [62], [63]. Recently, AI for mobile
intelligence has become an attractive topic with great potential
for mobile applications [64], [65], [66], [67]. Our model is also
inspired by cognitive models of social memory, and we extend
ASI to SWM for mobile applications on Google Glass.

Graphical models have been successfully used in informa-
tion retrieval (IR) applications, where given a user query, the
most relevant documents are required to be retrieved from a
collection according to the relevance on topic, URL, rank, and
history of user’s clicks. The problem statement and data format
are quite different from our task. In the approaches based on
Bayesian Nets [68], a complete document network has to be
built first. For each query, a best query network is constructed.
It is then attached to the document network to compute the
probabilities of retrieval. It is formulated as a NP-hard com-
putational problem, which does not match the understanding
of human working memory. Recently, hierarchical Bayesian
models for IR are proposed [69], [70], [71], [72], which are
similar to those used in studies of cognition aforementioned. In
this paper, we implemented a cognitive hierarchical Bayesian
model [11] as a baseline for evaluation on our problem.

II. THE COMPUTATIONAL MODEL OF SOCIAL MEMORY

In cognitive psychology, various models of memory sys-
tems, such as working memory, procedural memory, and
semantic memory, have been proposed to explain how hu-
man memory works [42]. However, little is known about
how human memory system actually operates for real-world
tasks [73]. When facing a new problem, memory does not
simply reload intact records of the past. Memory is able to
perform inference actions to fit the new task [73], [74]. There
is substantial evidence that remembering is an adaptive activity
requiring learned knowledge and mental skills [75].

For real-world task, social memory should have mechanisms
to represent knowledge and perform inference [75]. Funda-
mental researches have shown that: (a) knowledge in human
brain is represented on a hierarchical structure [76], and (b)
graphical models provide a computational form for reasoning
and inference in cognition [24], [77], [78]. Inspired by these
findings, we propose a computational model of social memory
for personal information retrieval. It consists of a long-term
memory and a working memory. The long-term memory
includes a semantic hierarchy to represent how the personal
social information is encoded and stored. A Bayesian working
memory model is developed to perform online inference for
retrieval of the most related personal information for a social
interaction. The long-term memory contains static knowledge
on personal information organization and database of personal
information, while the working memory is a dynamic part of
memory. Once the working memory is activated, it configures
the Bayesian network dynamically, exploiting the structure of
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Fig. 1. Left: The semantic hierarchy in long-term memory for personal
information encoding, where the conceptual clusters of types serve as retrieval
cues; Right: The probabilistic model of social working memory which is
represented by a Bayesian network model composed of two embedded sub-
graphical models of Accessibility and Self-Regulation.

semantic hierarchy and scans the information items one by
one to select a few most related information items.

A. Long-Term Memory of Social Information

Remembering identity and personal information of some-
body is critical for successful social interaction. Various as-
pects of biographical information are helpful for social interac-
tion under different contexts, such as name, nationality, career,
working interests, most distinctive achievements, hobby, and
favorite food. From the viewpoint of memory studies [4],
[20], [21], there are two major points of long-term memory
modeling. One is how the information items are encoded and
the other is how they are associated with conceptual cues for
efficient and adaptive retrieval. Studies in cognitive science
and psychology have shown that hierarchical structures are
prerequisite for different cognitive activities, which organize
different concepts and information entities based on their
semantic association and level of abstraction [76]. In this
study, a simple and effective semantic hierarchy is established
for personal information encoding, which is anticipated to
be effective for both cognitive knowledge representation and
Bayesian modeling and computing [76].

According to psychology studies, the social information
items are associated with each other and clustered into differ-
ent cognitive concepts as cues for retrieval, where the closely
related information items have a strong connection [4]. Mo-
tivated by this observation, we establish a semantic hierarchy
of person’s biographical information as shown in the left
in Figure 1. The hierarchical structure has three layers. At
top level, a root node represents person’s Identity. For each
person, the information items attached to this root node are
mugshot face image, name and the pronunciation. The second
layer consists of nodes of conceptual cues (types). Each node
represents a type cluster of biographical information items,
such as ‘Personal’, ‘Professional’, etc. The third layer contains
nodes of personal information items. The long-term memory
is a database of the hierarchical representations for all people
in the memory. In the future, such people can be connected
to construct a social network according to their relationships,
like family, relatives, friends, colleagues, etc.
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TABLE I
TYPES AND CLUSTERED ITEMS OF BIOGRAPHICAL INFORMATION.

Type Items
Personal Name, Nationality, Age, Language, Residence, Home-

town, Religion, Birthday.
Professonal Company, Position, Expertise, Achievements.
Education Major, Highest degree, Unversity, Year of graduation,

Year of enrollment, Supervisor.
Leisure Hobby, Dietary, Favorite music, Favorite sport, Favorite

movie, Favorite food.
Family Marriage, Child(ren), Age(s) of child(ren), Spouse’s job.

TABLE II
ITEMS AND VALUES OF BIOGRAPHICAL INFORMATION.

Item Value Category
Name Peter Text
Age 28 Number
Position Software Engineer Text
Marriage Married Binary
...

...
...

We employ the classic card sorting approach [79] to group
the biographical information items into type clusters according
to cognitive concepts and contextual relevance. Twenty-four
participants were recruited and joined in five sessions of card
sorting processes. Twenty-eight items of biographical infor-
mation are identified as useful in social encountering with an
unknown person. The twenty-eight biographical information
items are clustered into five types of cognitive concepts. The
types and clustered items of biographical information are listed
in Table I. In database, for a person, each information item is
assigned a specific value, as illustrated in Table II. It should be
noted that the biographical information items are dependent on
the social and cultural context. As such, the set of twenty-eight
items is not intended to be exhaustive.

B. The Bayesian Model of Social Working Memory
Socal working memory is the brain system that performs

social cognitive information processing [12]. Recent findings
suggest that SWM may rely on both social cognition and
canonical working memory brain networks [49]. Due to lim-
ited space and capacity of SWM, under different context
(situation) of social interaction and personal motivation, a
person retrieves a few most related information in memory
for current social activity.

From the viewpoint of social psychology, the cognitive
activity of personal information retrieval in a social interaction
can be considered as a social behavior. Such social behavior
is best predicted from a comprehensive understanding of the
personality trait, the situation, and the interaction between a
person and the situation [80]. Two major and integral factors
influence human social behaviors, namely personality and
situation, which is further governed by two general psycho-
logical principles i.e., accessibility and regulatory focus [81].
Accessibility is a general ‘cognitive’ principle of knowledge
activation, which describes the activation potential of available
knowledge in memory. Regulatory focus is a general ‘mo-
tivational’ principle of self-regulation, which represents the
personal motivation towards the potential social interaction.

Bayesian models and probabilistic computations have been
demonstrated and predicted to be able to learn and implement
human cognitive capabilities of learning and inference [9]. Our
model is inspired by the progresses of Bayesian models for
cognition [29] and the power of Bayesian approaches [82],
[83]. It integrates the cognitive functions of accessibility and
self-regulation.

Due to the limited capacity of working memory, contextual
cue plays an important role in accessing and activating a few
most relevant information items for current social situation.
For example, in a professional meeting, when you want to talk
with an expert, you may exploit the most related professional
information (e.g, position & expertise) of him to navigate
a conversation; whereas in a party, to initiate a chat with
somebody, you may try to recall his/her information on leisure
(e.g., hobby). Meanwhile, if there are similarity or common
ground between two conversant, such similarity may lead
to greater expectations of acceptance [84], [85] and relieve
cognitive burden [86]. In summary, the following factors affect
the choice of most relevant information items:
• Facial identity: who is the guest;
• Context: current social situation;
• Type: cluster of information items associated with the

current social situation;
• Similarity: attributes in common or shared world.

We employ face recognition to perform facial identification.
Once the guest is identified by face recognition, his/her bio-
graphical information items are scanned to retrieve a few most
related items for the potential social interaction.

Assuming that there is a hierarchy of casual relations
between the factors listed above, we propose a graphical
model for social working memory as shown in the right of
Figure 1. In our model, for an information item I , we compute
a latent score of I being retrieved by a human subject H
when encountering a guest G under a real-world social context
CR. We assume that, for an outside real-world context CR,
there is an inner latent context CL inside the user’s mind,
which represents the user’s motivation towards the social
interaction, determined by his/her personality. Besides, given
the guest G and user H , a similarity measure S between
them on information item I can be computed. Our model
consists of two sub-graphical models for accessibility and self-
regulation. In Bayesian approach for cognitive modeling, a
mental assessing degree of possibility can be represented by
a probability value on statistics [9], [45]. Hence, the latent
potential score of item I can be computed as:

PS[I] =
∑

CL

PA(I|S, T, CL)PR(CL|CR). (1)

where PA(I|S, T, CL) represents the sub-graphical model
for accessibility and PR(CL|CR) is for self-regulation. The
accessibility of item I is expressed as a potential of activating
it given the similarity between G and H on it, the type cluster
it belonging, and the inner latent context of the user towards
the interaction. The self-regulation represents the inner attitude
of the user towards the interaction given the outside real-
world context, which is governed by personality pattern. In
this formulation, I is a discrete random variable whose domain
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is {I1, · · · , I28} which represents the information items listed
in the right column in Table I. S is a real random variable
within [0,1] for similarity. The type of information cluster is
represented by a discrete random variable T whose domain
is {T1, · · · , T5} denoting the 5 categories of the biographical
information listed in the left column in Table I. CL and CR
are discrete random variables of {C1, C2}, where C1 = work
represents a formal meeting and C2 = party represents an
informal chat. The details are presented below.
Accessibility

The function of accessibility, as a general principle of
knowledge activation [81], characterizes the potential of ac-
tivating an information item under a certain social situation. It
represents the knowledge of social-cognitive consensus on so-
cial behaviors (or “wisdom of crowd”) and is learned from the
generalization of rewarded behaviors in social activities, which
means that it can be learned on the statistics of observations.
On the conceptualized memory functions, social information is
retrieved by association and inference [4]. Hence, a Bayesian
model is designed to learn such capability, as shown by the
sub-graphical model in the right in Figure 1. According to
the framework of generative model and the structure of the
Bayesian network, the probability function can be factorized
as (C is used for CL for simplicity)

PA(I|S, T, C) = P (I|S, T )P (T |C)P (S)P (C), (2)

where, P (I|S, T ) is the conditional probability of accessing
the information item I given that the type T is activated
and the similarity between the user (H) and the guest (G)
on the attribute is measured as S, P (T |C) is the conditional
probability of activating the type T given the social context
C, and P (S) and P (C) are priors, which can be assumed
as constants. S and T are independent causal factors to I .
They can be considered as causally independent [87]. When
the “Noisy AND-gate” is employed as the base combination
operator, one can define

P (I|S, T ) ∝ P (I|S)P (I|T ), (3)

where P (I|T ) is the conditional probability of accessing the
information item given that the type T is activated, and P (I|S)
represents the causal relation for mediating the information
item I given the similarity S. From another perspective, if we
assume that P (I, S) and P (I, T ) are independent due to that
S and T are two-independent causal factors to I , we can also
obtain (3). Hence,

PA(I|S, T, C) ∝ P (I|S)P (I|T )P (T |C). (4)

Since I , T and C are discrete variables, i.e., I ∈ {Ii}NI
i=1,

T ∈ {Tt}NT
t=1 and C ∈ {Cc}NC

c=1, and S is defined on I ,
combining the hierarchical tree structure of long-term memory
represented by the left graph in Figure 1 and the causality
relationship represented by the generative model described by
the right graph in Figure 1, the probability of accessing an
item Ii can be expressed as

PA(Ii) = P (Ii|Si)P (Ii|Tt)P (Tt|Cc), (5)

where Tt denotes the type cluster including the information
item Ii, and Si represents the similarity measure between the
guest and the user on Ii.

The similarity measure P (Ii|Si) can be considered as a
mediator when the user and the guest have common personal
characters or shared interests [88]. There are a large amount
of studies on computing similarity since [89], [90] and on
similarity-based retrieval [91]. In this paper, we focus on
Bayesian modeling of SWM. Simple and effective measures
of similarities on personal information items are employed.
According to the characters of information item values, the
information items is classified into three categories:
• Text: the value is a text string, e.g., “Software Engineer”

for Position, or “football” for Favorite sport;
• Number: the value is a number, like “28” for Age;
• Binary: the value represents a state, e.g., “Married” or

“Single” for Marriage.
The similarity measures for the three categories of information
item values are then computed as follows.

For a Text information item, let A and B be the two sets
of words extracted from the two strings of the item values for
the guest and the user, respectively. The similarity of the guest
and the user on the information item can be obtained as

S(A,B) = |A ∩B|/|A ∪B|, (6)

where A ∩B is the intersection of the two sets, A ∪B is the
union of the two sets, and | · | denotes the size of the set.

Let a and b be the values of a Number item for the guest and
the user, the similarity of the two persons on the information
item is computed as

S(a, b) = exp
(
−(a− b)2/σ2

I

)
, (7)

where σI is selected empirically for the corresponding infor-
mation item I . It provides a Gaussian-like distance.

The similarity on a Binary information item can be simply
computed as

S(U, V ) = U ∧ V, (8)

where U ∧ V = 1 if U = V , otherwise, U ∧ V = 0.
Due to that the probability measures have transformed as

scalar representations in (4), for simplicity of computing, the
quantitative representation of causality relationship P (Ii|Si)
can be defined as a linear function

P (Ii|Si) = 1 + βiSi, (9)

where Si comes from one of (6) to (8), and βi is a scale
parameter. The parameter βi can be considered as a tuning
scale of mental access on the information item Ii with respect
to the neutral attitude when the factor of similarity is taken
into consideration. Combining (3) and (9), one can express

P (Ii|Si, Tt) = P (Ii|Tt) + βiSiP (Ii|Tt). (10)

This indicates that the assumed causal independence is applied
with “Noise-adder” as the base combination operator [87].
In this case, P (Ii|Tt) in the last term in (10) performs
a role of mask-gate to filter out less relevant noisy when
P (Ii|Tt) is low. That is, if P (Ii|Tt) is high (≈1), we have
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P (Ii|Si, Tt) ≈ P (Ii|Tt) + βiSi, and if P (Ii|Tt) is low (≈0),
we have P (Ii|Si, Tt) ≈ P (Ii|Tt). It is worth investigating
other forms of base combination operator for causal indepen-
dence in such real-world situations in the future study.

The advantage of using linear function is that we can obtain
a good initialization for the efficient learning algorithm as
shown in the following section. The sigmoid function has
widely been used for parameterizing a probability in Bayesian
approaches [29]. We can define P (Ii|Si) = 1/(1 + e−βiSi).
However, we cannot derive a good initialization of βi for
the efficient learning algorithm below. On the other hand, it
works when genetic algorithm is used for learning, but the
performance of the SWM model is slightly poorer than that
using the linear function (9).

To reduce the ambiguity about information matching caused
by the variations in human inputs of item values, a pre-
processing step is performed manually to maintain the con-
sistency of the information item values.
Self-regulation

The regulatory focus is a personality variable of motiva-
tional principle [81]. It is proposed that the motivation of
achievement goals is fundamental and integral personality vari-
able on self-regulation [81], [92]. It can be described by a few
patterns. In two-factor model [92], approach motivation and
avoidance motivation construct the core of personality temper-
ament, and in recent 2×2 achievement goal framework [93],
the motivational personality is characterized by four types of
goals: mastery-approach, performance-approach, performance-
avoidance, and mastery-avoidance (see supplementary material
for formal descriptions). These distinct patterns represent
different self-regulation strategies.

In our model (1), the function of self-regulation describes
the personal adaption of social behavior over common con-
sensus. It results in different choice of inner context under
the same real-world social context. As a starting point, in this
study, we categorize the social contexts at a very high and
rough level. Two general categories of contexts are considered:
formal and informal inter-person interactions. The former is
instantiated as a formal meeting in working and the latter is
exemplified as a free chat in a party. Let C ′ denote the reversed
context of C, e.g., turning formal to informal or work to
party. Similar to [33] on defining the probability for a mental
function, the self-regulation is defined as

PR(CL|CR) =

{
γ, CL = CR
1− γ, CL = C ′R

(11)

In this study, it is found that the strategies of subjective
selection of personal information for social iteration can be
represented by three patterns:
• Pagree(γ = 1): agreeable to general social consensus,

which might be positively related with agreeableness and
conscientiousness of personality traits [93];

• Prever(γ = 0): adaption with a reversed sense of context
cue, which might be positively related to neuroticism and
negatively related with agreeableness of personality [93];

• Pother(γ = 0.5): adaption with less sense of context cue,
which might be correlated with avoidance motivation and
negatively related with extroversion of personality [93].

C. Learning of Social Working Memory

Conventional learning approaches for Bayesian Networks
aim at maximizing the joint probability distribution on the
network, like Maximum Likelihood (ML) and Maximum A
Posteriori (MAP) [82], [83]. In the formulation of our problem,
it might be too complicated to optimize a joint probability
on the full state space. In addition, since we assume that
the probability value for an information item under certain
social context could represent the mental assessing degree
of its importance to achieve a successful social interaction,
maximizing a joint probability does not mean the solution of
this problem. Hence, one cannot simply apply conventional
Bayesian Network learning algorithms to train the SWM
model. We propose two learning algorithms for the SWM
model. The first (Algo-1) is an efficient learning algorithm
derived from Newton’s method, and the second (Algo-2) is a
random learning algorithm based on Genetic Algorithm.

To learn the proposed SWM model, we can collect human
annotated training data. Suppose we have N sets of training
samples, where each set consists of the detailed biographical
information items of a guest and a user, and the scores of
importance for each item of the guest annotated by the user
for a social interaction with the guest under a certain social
context. The details on obtaining the training set from a user
study are described later in Section III. It is assumed that, in
each set, the annotated potentiality score of an information
item is the result of self-regulation on the accessibility by the
participant. However, the personality pattern of the participant
is not known. Let sin be the score of information item Ii given
by the nth participant. The normalized potentiality score can
be computed as

rin = sin/SUMn, with SUMn =
∑NI

i=1
sin, (12)

where NI is the number of information items.
The parameters of the SWM model can be described as

follows. Let pit denote the conditional probability P (Ii|Tt),
ptc be the conditional probability P (Tt|Cc) (i.e. CL), and pis
represent P (Ii|Si) in (5), respectively. Meanwhile, we can
denote the self-regulation in (1) and (11) as pcn for the nth
participant. Then, according to the SWM model (1), for a set
of model’s parameters, we can define a loss function with
respect to the human annotations as

L =
∑

n

∑
i

∑
c
[(pitptcpispcn)− rin]2. (13)

Obviously, learning a SWM model is to find a set of the
parameters which lead to the minimum value of the loss
function on the training set.
Algo-1: Learning on Newton’s method

If we know the personality patterns of the participants, we
can build a dataset for the personality pattern Pagree, which
would cover more than 50% of the whole dataset since the
majority of people will follow the general social consensus.
Let’s label the selected dataset as SetAG. According to (11),
for this dataset, the loss function can be simplified as

L′ =
∑

n

∑
i
[(pitptcpis)− rin]2. (14)
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For an objective function Ψ(x), the solution of Newton’s
method for minimizing Ψ(x) is expressed as

xl+1 = xl − α ∂Ψ(xl)/∂xl

∂2Ψ(xl)/∂(xl)2
, (15)

where l denotes the iterative step. According to the formu-
lation of Newton’s method, the iterative solution for the loss
function (14) can be derived as

pl+1
tc = pltc − α

∑
nc

∑
it

(plitp
l
tcp

l
is − rin)plitp

l
is∑

nc

∑
it

(plitp
l
is)

2
, (16)

pl+1
it = plit − α

∑
n(plitp

l
tcp

l
is − rin)pltcp

l
is∑

n(pltcp
l
is)

2
, (17)

βl+1
i = βli − α

∑
n(plitp

l
tcp

l
is − rin)plitp

l
tcSin∑

n(plitp
l
tcSin)2

, (18)

where nc denotes a probe set under social context Cc, it
denotes an information item Ii of the type Tt, and α is the
learning rate (0 < α < 1).

In general, for a function Ψ(x), the algorithm of Newton’s
method converges quadratically [94]. However, in a few cases,
Newton’s method will not converge. First, if Ψ′′(xl) (i.e. the
denominator in (15)) is 0 for some xl. In our algorithm, it is
not allowed that all probability values being 0. Hence, the sum
of the probability values, i.e. the denominators in (16), (17)
and (18), would not be 0. Second, the iterate values xl might
become locked into a repeating loop or move farther away
from a root. In this study, it depends on the data. If the training
data set from multiple persons truly captures some features of
human intelligence, or “wisdom of crowd”, the chance of such
difficulties would be low since the algorithm would converge
to average scores of the information item ranking.

One important condition for the convergence of Newton’s
method is that the initial point is sufficiently close to the root.
We compute the initial parameters p0tc, p

0
it and β0

i gradually
in an initialization step. Since the experiment of card sorting
was performed in sessions as described in II-A, we can obtain
scores of type clusters and items of the social information on
aggregated participants’ voting. Let smtc be the score of type Tt
under context Cc obtained from the mth session, The initial
value p0tc is computed as

p0tc =
1

M

M∑
m=1

smtc∑NT

t=1 s
m
tc

(19)

where M is the number of sessions in card sorting experiment.
As mentioned in Sec II-A, 5 sessions of card sorting involving
24 participants were conducted in the probe.

Suppose the participants take neutral attitude on the simi-
larity between the user and guest on information items (i.e.
pis = 1), the loss function (14) can be simplified as

L′′ =
∑

n

∑
i
(pitptc − rin)2. (20)

Let ∂L′′/∂pit = 0, we obtain

p0it =

∑
n p

0
tcrin∑

n(p0tc)
2
. (21)

Then, applying ∂L′/∂βi = 0 , the initial parameter β0
i is

obtained as

β0
i = −

∑
n(p0itp

0
tc − rin)p0itp

0
tcSin∑

n(p0itp
0
tcSin)2

. (22)

These initialization values are obtained on the simplified
statistics on the training data, hence, the initial parameter set
should be sufficiently close to the root in the parameter space.

To ensure convergence of the learning procedure, the Block
Coordinate Descent (BCD) method [95] is also implemented,
where the parameters of a convex set ((16), (17) or (18))
is updated at one iteration. At each iteration step, since the
parameters of the other two convex sets are fixed, the objective
function (14) becomes a simple quadratic function, so that the
convergence is guaranteed [95]. In this study, the results of
BCD method and Newton’s method are very close due to the
good initialization for Newton’s method.
Algo-2: Learning on Genetic Algorithm

The algorithm of Newton’s method is very efficient to
learn the SWM model, however, it depends on a good ini-
tialization and might not converge to the global optimum
solution. To find the global optimum solution for SWM model,
we also propose a genetic algorithm for learning. It is an
adaptive stochastic optimization algorithm involving search
and optimization, which consists of genetic representation,
initialization, selection, genetic operators, and replacement.
Interested readers may refer to the supplementary material for
details of the genetic algorithm.
The full learning procedure

The last requirement for learning is to estimate the per-
sonality pattern of each participant. Let k̂in be the predicted
ranking position of the ith item in the nth probe by the SWM
model, and k∗in be the ranked position of the corresponding
information item based on human annotation. We compare
the performance of the learned model with human annotation
using the distance measure that is defined as

D
(n)
mh =

1

NI

∑
i
|k̂in − k∗in|, (23)

where the subscript mh denotes the distance between model
and human, and NI is the number of information items. For
different personality pattern, different distance value could
be obtained according to self-regulation (11). Hence, we can
estimate the user’s personality pattern by selecting one which
results in the minimum distance measure.

The full learning procedure for Algo-1 can be described as
below. We start by assuming that all participants follow the
general social consensus, i.e. Pagree with γ = 1. Hence, all
the probe sets form the training set SetAG. Then, we perform
the model learning as described aforementioned. At the end
of each learning round, we select one probe set of maximum
distance measure and tune the personality pattern, i.e., we
reverse γ = 1− γ, and then perform the next round of model
learning. We repeat this procedure until no significant decrease
of the average difference measure over the whole dataset.

For Algo-2, at each iteration of genetic learning, we com-
pute goodness for each probe set under both context C and
C ′, and select the best one. In this way, the final output of
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Fig. 2. The difference of measures (Dmh) when the patterns Pagree and
Prever are applied.

the GA learning includes the estimation of each participant’s
personality pattern.

In this learning procedure, the pattern Pother is treated as
a weak case of the pattern Pagree with large variations. Since
the population size of this pattern is small, and it is associated
with the social context weakly, it would not affect the model
learning much.

Once the model parameters (i.e. ptc, pit and βi) are learned
by the full algorithm described above, it can be used to
estimate the user’s personality pattern on a probe set. For
the probe set, we compute the difference measures (i.e. Dmh

in (23)) on three patterns Pagree, Prever and Pother (i.e. on
(11)). The user is classified into the pattern of the minimum
difference measure value.

III. EXPERIMENTAL RESULTS

To evaluate our SWM model, we conducted a user study
focusing on whether it can learn and simulate the human social
intelligence in retrieving the relevant biographical information
items for social interaction. The user study involves a survey
whereby we obtain human annotated data that serves as the
ground truth for training our model and evaluating its perfor-
mance. A total of 55 adults (Female: 21; Age range from 19 to
54; Mean age: 28.1 years with standard deviation of 7.2 years)
were recruited to participate in the survey. To our knowledge,
the most close approach to our model is the Bayesian cognitive
model (BCM) [11] for learning human expertise knowledge on
a ranking problem and assessing individual cognitive ability on
it. It is implemented as a baseline for comparison. Interested
readers may refer to the supplementary material for details of
the survey procedure and baseline model. To explore potential
applications of our model, we also implement it on Google
Glass as a wearable assistant for social interaction.

In the following subsections III-A, III-B, and III-C, we
first evaluate if our model is able to assess user’s personality
pattern. Then, we evaluate the effectiveness of our SWM on
learning human social intelligence on full ranking and top item
retrieval. We employ take-k-out protocol, the widely accepted
protocol of cross-validation, to perform the experiments. At
each time, we randomly split the dataset into two non-
overlapping subsets: (1) a testing set which consists of k sets
of probes, and (2) a training set which contains the remaining
sets of probes. Without loss of generality, we repeated such
tests for 500 times and the average results of k=3 are reported.
We has tested with k=1 to 5 and the results are similar.

A. Estimation of Personality Pattern

First, it is interesting to see whether there are personality
patterns which affect the social information selection and
if our SWM model is able to recognize user’s personality
pattern from raw data set. For this purpose, we plot the points
of difference measures with respect to different personality
patterns as shown in Figure 2. The Model-Human difference
measures (23) are computed when only one personality pattern
is applied, i.e. Pagree or Prever. Hence, for each probe set,
we can obtain two Model-Human difference measures. One is
obtained when the personality pattern Pagree is applied (i.e.
γ = 1 in (11)), which is denoted as D(n)

ag , and the other is
obtained when Prever is applied (i.e. γ = 0) in (11)), which is
denoted as D(n)

re . We plot a pair of points D(n)
ag (blue) and D(n)

re

(red) for each probe set with respect to the difference between
them, i.e. D(n)

p = D
(n)
ag −D(n)

re . In Figure 2, the horizontal axis
denotes the value of Dp, and the vertical axis denotes the value
of the Model-Human difference measure (i.e. D(n)

mh). Hence,
in the left side, there is D(n)

ag < D
(n)
re , and in the right side,

there is D(n)
ag > D

(n)
re . The further the position is away from

the center point to both sides, the larger the difference |Dp|
is. This means that the sample in the far left side indicates a
strong evidence for personality pattern Pagree and that in the
far right side represents a strong evidence for pattern Prever.
The fitted straight lines for D(n)

ag and D(n)
re show such tendency

clearly. Empirically, we can find a threshold for |Dp|, e.g. 1.5,
we can classify the personality pattern of a user H as:

Pagree, if DH
ag −DH

re < −1.5;
Prever, if DH

ag −DH
re > 1.5;

Pother if − 1.5 ≤ DH
ag −DH

re ≤ 1.5.
(24)

When the threshold 1.5 is applied, of all the 55 participants, it
is found that the percentage of pattern Pagree is 67.3% (37/55),
the percentage of pattern Prever is 23.6% (13/55), and the
percentage of pattern Pother is 9.1% (5/55). One interesting
finding is that the majority (>90%) of the participants belong
to the personality patterns Pagree or Prever, which might
indicate that most of people have strong selectivity in personal
information selection for social interaction, either following
the “wisdom of the crowd” (≈67%) for a friendly interaction
or reversing it (≈24%) for a distinctive impression.

B. Evaluation on Full Ranking

Guided by social intelligence, a person may apply certain
skills and rules in retrieving and ranking the biographical
information items for social interactions. Assuming the pro-
posed SWM model is able to learn some knowledge of such
social intelligence, the ranks generated by our model should
be similar with the ranks based on human annotation. Two
commonly used metrics are employed to evaluate the rank-
ing performance, namely, Kendall’s tau [96] and Spearman’s
rho [97]. Interested readers may refer to the supplementary
material for details on how these two metrics are calculated.

Meanwhile, as reference, we also compute the inter-person
similarity of rankings under the same contexts. Hence, four
approaches are compared, i.e. inter-person similarity (H-H),
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Fig. 3. The comparison of performance on full rankings over 500 tests, where
H-H refers to Human-Human, BCM-H refers to BCM-Human, SWM1-H
refers to SWM(algo-1)-Human, and SWM2-H refers to SWM(algo-2)-Human.
The left graph shows the evaluation on Kendall’s τ and the right graph shows
that on Spearman’s ρ.

Bayesian cognitive model (BCM), our SWM model on the
efficient learning algorithm (SWM1) and genetic algorithm
(SWM2). The means and variances of the metrics τ and ρ on
500 rounds of tests are shown as bar graphs for comparison
in Figure 3. If a model has no knowledge of human social
intelligence, it should perform as a random selector which
would result in the values of Kendall’s τ and Spearman’s ρ
close to 0. From the graphs in Figure 3, it can be found that the
means of both τ and ρ for H-H are quite low. They are around
0.2 for the both metrics, which indicates a quite large diversity
of human social behaviors in such social scenarios. Next, one
can find a clear increase of the average τ and ρ values of BCM
with respect to H-H. As suggested in [11], this result indicates
that there may be cognitive knowledge, or “wisdom of the
crowd”, for such social situation, which may perform better
than human individuals in average. Comparing our models
with BCM, it can be found that SWM1 obtains a similar
mean of τ values but a clearly better result on ρ (the mean
value jumping from 0.435 to 0.607), while SWM2 obtains a
clear increase on both τ and ρ metrics. This result may show
that our SWM model is better than BCM for learning human
social intelligence (or “wisdom of the crowd”) and applying
it to predict human social behavior in the novel test social
situation. When comparing SWM1 with SWM2, it is found
that the time cost genetic algorithm obtains a clear increase
on τ but results in a slight drop on ρ. We observed clear
improvements on errors on the training set, but when applied
to the test set of k taken out cases, there is a slight drop on
ρ in average. This may be caused by the effect of a slight
extent of over-fitting by the genetic algorithm. In this study, it
is found that the Spearman’s ρ is more accurate, reliable and
reasonable than Kendall’s τ as a metric measurement since the
former explicitly takes the position in ranks into consideration.
It is observed that SWM1 achieves the highest mean value of
ρ (0.607) with smallest variance (0.184).

C. Evaluation on Top Item Retrieval

Due to the limited space of human social working memory,
it may just maintain a few most related information items [50],
[12]. To evaluate the effectiveness of our SWM, we compare
the top K information items with the human annotation on
each test probe set. If the SWM model retrieves the most
related information items, the number of shared information
items in the top K items of the predicted set and annotated set
should be larger. The effectiveness is evaluated on two metrics:

(a) the number of shared items in the top K elements of the
two sets of ranks; and (b) the cumulative gain (CG) which is
a widely used metric in information retrieval (IR) [98] (see
the supplementary material on the calculation of CG).

For two lists of ranked items, let T̂K be the set of the top
K items predicted by a model, and T ∗K be the set of the top
K items ranked based on manual annotation of a participant.
The number of shared items in the top K elements of the two
sets is defined as

AK = |T̂K ∩ T ∗K |. (25)

This measure focuses on the top K items in two lists and does
not take the orders between the items into consideration.

We evaluate the number of shared items in a range of K
from 5 to 10. The results of the evaluation over 500 times
of tests are shown in the left in Figure 4, where the height
of a bar represents the mean of the shared items in the Top
K items of the two compared lists, and the varying range
at the top of a bar denotes the standard deviation. Again, as
reference for comparison, we also compute the shared items
between Human and a Random selector (H-R), that serves as
a baseline of no knowledge. First, from all the clusters in the
left graph in Figure 4, it can be observed that the performance
of H-H is clearly higher than the chance H-R. This means
that, in the user study, human participants exploited their
social intelligence for imagined social situations. Second,
when comparing the performance of BCM (Bayesian cognitive
model) with H-H, one can find a significant jump of bar
height in all the bar clusters, which indicates that the model
is able to learn the “wisdom of the crowd” to achieve better
performance than human individuals on average, as expected
in [11]. Third, by comparing the bars of SWM1 and SWM2
with those of BCM, a further improvement can be observed,
which means our model is more effective than BCM in leaning
and applying the related social knowledge to the novel test
cases. Finally, if one compare the bars of SWM1 with those
of SWM2, he/she can observe a slight drop of performance
for SWM2, which might be caused by a slight extent of over-
fitting by the genetic algorithm. In additional, when comparing
the shapes of each bar clusters with the performance of full
rankings on ρ in Figure 3, one can find the similar shape of
bar distributions. This observation shows the consistency of
the evaluation results on both full rankings and top-K shared
items, meanwhile, it also indicates that Spearman’s ρ is more
accurate as a metric than Kendall’s τ in this study.

The CG value on the 500 rounds of tests for each approach
is also computed for H-H, BCM-H, SWM1-H and SWM2-H.
The results are plotted as the right graph in Figure 4. The
observation about models’ performance from this bar graph is
similar with that from the left graph in Figure 4.

D. Implementation on Google Glass
To investigate the possibility for real-world applications, we

implement our SWM model on Google Glass. The system
consists of three main modules: (a) a state-of-the-art algorithm
for face recognition [99]; (b) the proposed SWM model
for biographical information retrieval; and (c) a user-friendly
interface for display on the screen of Google Glass [14].
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Fig. 5. Implementation on Google Glass. Left: a user wearing Google Glass in a social encounter; Middle: first display on Google Glass after face recognition;
Right: display for “Leisure” type cluster on Google Glass.

In a social encounter as shown in the left image in Figure 5,
when the user wearing a Google Glass looks at a guest, the
system keeps capturing images from the camera on Google
Glass and performing face recognition. Once the facial identity
is recognized, the social working memory is activated and the
related biographical information of the person is retrieved. The
information items are ranked on the estimated score PS[I]
according to (1). The top 6 most related information items are
displayed on the screen of Google Glass with a clean and large
font, as shown in the middle image in Figure 5 (fictitious name
& affiliation). Meanwhile, if required, the user can swipe up
and down on the touch panel of the Google Glass to check
more biographical information items on the order ranked on
PS[I]. At the same time, a row of buttons representing type
clusters are displayed on the bottom of the screen. The buttons
are ranked on the probabilities of the types under the social
context (i.e. P (T |C) or ptc for current social context). The
user can navigate through the row of type clusters by swiping
left and right on the touch panel of the Google Glass. If the
user selects a type, the biographical information items of the
type cluster will be displayed on the screen on the order ranked
on PS[I] (I ∈ T where T denotes the selected type), as shown
in the right image in Figure 5 when the type “Leisure” is
selected. This function allows the user to search interesting
information items quickly for different social situations.

We investigated various situations where recruited partici-
pants are going to meet unknown guests [14]. It is found that
the system might be helpful for a new staff or a user attending
a meeting with many unfamiliar guests if the biographical

information are collected in advance since human beings may
not be able to remember many details of unfamiliar persons.
It might also be helpful for elderly people with mild dementia
when they meet relatives, and friends.

E. Discussion

In the experiments in III-B and III-C, we have observed that
the performance of the models (BCM, SWM1 and SWM2) are
better than Human-Human matching. There are two possible
reasons for this phenomenon. One is that there might be some
form of “wisdom of crowd” [10] in this case that is more
accurate than individual knowledge. Another is related to the
limited space of human social working memory [50].

One big challenge for real-world applications is how to
build a database of biographical information for unfamiliar
people. With progress in computational social science and
AI apps [100], it could be established through internet and
social networks. As an example, one may have over 1000
friends in Facebook. He/she may not be able to remember
much biographical information when he/she meets a friend in
Facebook. If he/she can establish a database using Facebook,
he/she may benefit from our system on Google Glass for a
real-world encounter with one of his/her friends in Facebook.

According to psychological studies, it would be more
helpful if facial identity and biographical information can be
retrieved before the engagement of a social interaction. This
means the wearable camera should be able to zoom-in to
capture a good face image when the target person is still



11

quite far away. The current Google Glass camera is a wide-
view camera so that it cannot capture good face images from
distance, e.g. over 4m, to support natural social interactions.

IV. CONCLUSION

Inspired by understandings of social working memory and
human memory system from neuroscience, psychology and
cognitive science, and the powerful mechanism of Bayesian
model in knowledge representation, learning and inference,
we proposed a probabilistic model of SWM for personal
information retrieval in social interaction. The computational
framework of social memory consists of a semantic hierarchy
as long-term social memory for encoding and storage of social
information and a semantic Bayesian network as SWM to learn
human social knowledge and perform inference for informa-
tion retrieval. The Bayesian model of SWM integrates social
context, information association, similarity between the guest
and user, and user’s personality pattern to perform information
retrieval. Two learning algorithms are developed. Experimental
results on user study reveal that the proposed model is able to
learn human social cognitive knowledge and skills effectively.
It is superior to state-of-the-art Bayesian cognitive model,
which provides an evidence for that social memory involves
cognitive processes that can be implemented as Bayesian
models. The model is also implemented on Google Glass and
demonstrates the potential application for real-time assistance
to a user for real-world social interaction.

The computational model of social memory may have a
wide range of potential applications. It might be helpful to
psychological and cognitive science studies for better un-
derstanding of human social memory functions, could be
employed in medical and healthcare applications for mental
state assessment, and applied in service robotics, autonomous
systems and human-computer systems such as customer ser-
vice chatbots, intelligent assistants and companion robots. In
the future, we may incorporate more social cognitive skills
(such as emotions, beliefs, genders, and cultures) into the
model for more social tasks and activities.
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[98] K. Järvelin and J. Kekäläinen, “Cumulated gain-based evaluation of IR
techniques,” ACM Transactions on Information Systems (TOIS), vol. 20,
no. 4, pp. 422-446, 2002.

[99] B. Mandal, L. Li, V. Chandrasekhar and J.H. Lim, “Whole space
subclass discriminant analysis for face recognition,” in Int’l Conf Image
Processing (ICIP), pp. 329-333, 2015.

[100] D. Lazer, et al, ”Computational Social Science,” Science, vol. 323,
pp. 721-723, 2009.

Liyuan Li (M’96) received the B.E. and M.E.
degrees from Southeast University, Nanjing, China,
(1985 and 1988), and the Ph.D. degree from
Nanyang Technological University, Singapore
(2002). From 1988 to 1999, he was with the faculty
of Southeast University. Since 2001, he has been a
Research Scientist with the Institute for Infocomm
Research, Singapore, where he is currently a Senior
Scientist, and the Lab Head of Cognitive Vision
Lab. His current research interests include cognitive
vision, vision & memory, generative models, visual

spatial perception, scene recognition, object detection and tracking, event and
behavior understanding, image classification, etc. Dr. Li is also a member of
the IEEE Signal Processing Society and Computer Society.

Qianli Xu (M’07) received the B.E. and M.E.
degrees from Tianjin University, China, in 1999
and 2002, respectively, and the Ph.D. degree from
the National University of Singapore in 2007. He
worked as a post-doc research fellow in Nanyang
Technological University from 2007 to 2010. Cur-
rently, he is a Scientist in the Visual Computing
Department, Institute for Infocomm Research, Sin-
gapore. His main areas of interest are design for
human factors, human-computer interaction, health
informatics, and interaction design. His publications

appear in ACM SIGCHI, HRI, IEEE T- SMC-A, IEEE T-CYB IEEE J-BHI,
Design Studies, etc.

Tian Gan (M’16) received her B.Sc. from East
China Normal University in 2010, and the Ph.D.
degree from National University of Singapore, Sin-
gapore, in 2015. She was a Research Scientist in
Institute for Infocomm Research (I2R), Agency for
Science, Technology and Research (A*STAR). She
is currently an Assistant Professor with the School
of Computer Science and Technology, Shandong
University. Her research interests include multi-
sensor event analysis, social signal processing, and
wearable computing.

Cheston Tan received the Ph.D. degree in Computa-
tional Neuroscience from the Massachusetts Institute
of Technology in 2012, and the B.Sc. degree in
Electrical Engineering and Computer Science from
the University of California, Berkeley in 2003. He
is currently a scientist at the Institute for Infocomm
Research in Singapore. His research interests include
computational neuroscience, computer vision, cogni-
tive science and artificial intelligence.

Joo-Hwee Lim (M’07) received B.Sc. (Hons I) and
M.Sc. degrees in Computing from NUS, Singapore
and Ph.D. degree in Computer Science & Engineer-
ing from UNSW, Australia. He is the Head, Visual
Computing Department, at the Institute for Info-
comm Research, A*STAR, Singapore, He has pub-
lished more than 220 international refereed journal
and conference papers and co-authored 21 patents
(awarded and pending) in computer vision and pat-
tern recognition.


