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This tutorial covers both classic sequence‐based behavior 
analysis and more recent research on behavior modeling, 
learning, and management by using statistical methods, 

deep learning etc.

Behaviors consist of transaction‐based behaviors,
sequential activities, actions, interactions, and visual 

behaviors of humans or non‐human subjects. 
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• Behavior analytics
• Behavior computing
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• Behavior simulation
• Behavior imitation
• Behavior impact
• Behavior utility
• Behavior management
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• Action
• Activity 
• Behavior
• Event
• Interaction
• Occurring behavior
• Non‐occurring behavior
• Individual behavior
• Group/collective behavior
• Positive behavior
• Negative behavior 
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Behavior analysis process

• Behavior‐centric modeling, analysis, and 
intervention

©Longbing.Cao



Why Behavior Analytics Is Important?
Longbing Cao, Philip S Yu (Eds). Behavior Computing: Modeling, Analysis, Mining 
and Decision, Springer, 2012.
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External Market Behavior
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The Cause: Another Negative Behavior
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The Effect of Negative Behavior
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Argument 1: Behavior is ubiquitous

• Behavior is an important analysis object in
• Consumer analysis
• Marketing strategy design
• Business intelligence
• Customer relationship management
• Social computing
• Intrusion detection
• Fraud detection
• Event analysis
• Risk analysis
• Group decision‐making, etc.

Customer behavior analysis
Consumer behavior and market strategy
Web usage and user preference analysis
Exceptional behavior analysis of terrorist and 
criminals
Trading pattern analysis of investors in capital 
markets

©Longbing.Cao
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Argument 2: Major work focuses on Behavior 
exterior‐driven analysis
• Example 1: Price movement as market behavior

Price/index 
movement 

is the 
behavior
exterior

Price/index 
movement 

is the 
behavior
exterior
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Announcement 
is the interior 

driver of 
behavior exterior 

(price)

Announcement 
is the interior 

driver of 
behavior exterior 

(price)

Argument 3: Behavior interior‐driven analysis 
can make difference
• Example 2: Announcement as market behavior driver

©Longbing.Cao
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• Why does this stock go so crazily?

©Longbing.Cao
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• Short‐term manipulation behavior as cause

Behavior exterior 
presentation

Behavior 
interior
driver
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Group behavior‐driven 
price movement

Group 
behaviors
Group 

behaviors
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Argument 4: Need to consider behavior 
context
• Microstructure data

©Longbing.Cao
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Observation: Traditional analysis on behavior

• Empirical, qualitative, psychological, social etc
• Behavior‐oriented analysis was usually conducted on customer 
demographic and transactional data directly

• Telecom churn analysis, customer demographic data and service usage data are analyzed to 
classify customers into loyal and non‐loyal groups based on the dynamics of usage change

• Outlier mining of trading behavior, price movement is usually focused to detect abnormal 
behavior

so-called behavior-oriented analysis is actually not on customer 
behavior-oriented elements, rather on straightforward customer 
demographic data and business usage related appearance data 
(transactions)

©Longbing.Cao
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Problems with traditional behavior analysis

• Customer demographic and transactional data is not organized in 
terms of behavior but entity relationships

• Human behavior is implicit in normal transactional data: behavior 
implication

• cannot support in‐depth analysis on behavior interior: focus on behavior exterior
• Cannot scrutinize behavioral actor’s belief, desire, intention and impact on business 
appearance and problems

Such behavior implication indicates the limitation or even 
ineffectiveness of supporting behavior-oriented analysis on 
transactional data directly.

©Longbing.Cao
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Genuine behavior analysis does matter

• Behavior plays the role as internal driving forces or causes for business 
appearance and problems

• Complement traditional pattern analysis solely relying on demographic and 
transactional data

• Disclose extra information and relationship between behavior and target business 
problem‐solving

A multiple-dimensional viewpoint and solution may 
exist that can uncover problem-solving evidence from 
not only demographic and transactional but behavioral 
(including intentional, social, interactive and impact 
aspects) perspectives

©Longbing.Cao
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Support genuine behavior analysis

• Make behavior ‘explicit’ by squeezing out behavior elements hidden in 
transactional data

• A conversion from transactional space to behavior feature space is 
necessary

• Constructing behavioral data corresponding to the physical world 
• behavior modeling and mapping
• organized in terms of behavior, behavior relationship and impact

• Developing behavior analytics theories and tools

Explicitly and more effectively analyze behavior patterns 
and behavior impacts than on transactional data

©Longbing.Cao



What is Behavior?
Longbing Cao, In‐depth Behavior Understanding and Use: the Behavior Informatics 
Approach, Information Science, 180(17); 3067‐3085, 2010. 
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Behavior: soft vs. hard
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What is behavior?

• An abstract behavior model
• Demographics and circumstances of behavioral 
subjects and objects

• Associates of a behavior may form into certain 
behavior sequences or network;

• Social behavioral network consists of 
sequences of behaviors that are organized in 
terms of certain social relationships or norms.

• Impact, costs, risk and trust of 
behavior/behavior network

©Longbing.Cao
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Abstract Behavior Model

©Longbing.Cao
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• Behavior instance: behavior vector

• basic properties
• social and organizational factors

• Vector‐based behavior sequences

• Vector‐oriented patterns

©Longbing.Cao
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• Vector‐oriented behavior pattern analysis
• Behavior performer:

• Subject (s), action (a), time (t), place (w)
• Social information:

• Object (o), context (e), constraints (c), associations (m)
• Intentional information:

• Subject’s: goal (g), belief (b), plan (l) 
• Behavior performance:

• Impact (f), status (u)

New methods for vector‐based behavior pattern analysis

©Longbing.Cao
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Behavioral data

• Behavioral elements hidden or dispersed in transactional data
• behavioral feature space

Behavioral data modeling
Behavioral feature space
Mapping from transactional to behavioral data
Behavioral data processing
Behavioral data transformation

©Longbing.Cao



Impact‐oriented Sequential Patterns
Longbing Cao. Zhao Y., Zhang, C. Mining Impact‐Targeted Activity Patterns in Imbalanced 
Data, IEEE Trans. on Knowledge and Data Engineering, 20(8): 1053‐1066, 2008.
Longbing Cao, Huaifeng Zhang, Yanchang Zhao, Dan Luo, Chengqi Zhang. Combined Mining: 
Discovering Informative Knowledge in Complex Data, IEEE Trans. SMC Part B, 41(3): 699 ‐
712, 2011.
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Basic paradigms

• Nonimpact‐oriented combined patterns

• Impact‐oriented combined patterns

©Longbing.Cao
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Impact definition

• Impact is defined as a feasible detrimental outcome of an activity 
(action) or a sequence of activities (e.g., launch or operation of a 
spacecraft) subject to hazard(s)

(1) magnitude (or severity) of the adverse consequence(s) that 
can potentially result from the given activity, action or behavior, and

(2) likelihood of occurrence of the given adverse consequence(s).

©Longbing.Cao
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Impact

• Business impact of behavior
• Consequence: 

• Fraud
• Debt
• Exception … 

• Magnitude:
• Positive/negative
• Multi‐level 
• Ratio 
• Probabilistic 

©Longbing.Cao
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Impact modeling

• Impact measuring
• Cost
• Cost‐sensitive
• Profit
• Cost‐benefit
• Risk score 
• … 

• Impact evolution
• Positive  Negative
• Negative  Positive

©Longbing.Cao
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• qualitative risk assessment: 
• severity and likelihood are both expressed qualitatively (e.g., high, medium, 
or low)

• quantitative risk assessment/probabilistic risk assessment:
• Consequences are expressed numerically
• Their likelihoods of occurrence are expressed as probabilities or frequencies

©Longbing.Cao



www.datasciences.org

Probabilistic Risk Assessment

• Causes/Initiators: 
• What can go wrong with the studied technological entity, or what are the 
initiators or initiating events (undesirable starting events) that lead to adverse 
consequence(s)?

• Effects/Consequences: 
• What and how severe are the potential detriments, or the adverse 
consequences that the technological entity may be eventually subjected to as 
a result of the occurrence of the initiator?

• Functions(cause, effect):
• How likely to occur are these undesirable consequences, or what are their 
probabilities or frequencies?

©Longbing.Cao
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• Risk of a pattern, e.g.,

©Longbing.Cao
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Impact‐Targeted Activity Mining

• Frequent impact‐oriented activity patterns 
• Frequent impact‐contrasted activity patterns
• Sequential impact‐reversed activity patterns

Here:
Impact   Debt, Fraud, Risk …

©Longbing.Cao
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Impact‐Oriented Activity Patterns

• frequent positive impact‐oriented (T) activity patterns
• P ‐‐> T, or

• frequent negative impact‐oriented (  ) activity patterns
• , or

P is an activity sequence, (P = {ai, ai+1, …}, i=0, 1,…).

T

T

©Longbing.Cao
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Impact‐contrasted Activity Patterns 

• Pattern: P is of high significance in positive impact dataset, and of low 
significance in negative impact dataset, or vice versa.

• Positive impact‐contrasted pattern

• Negative impact‐contrasted pattern

©Longbing.Cao
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Impact‐reversed Activity Patterns 

• Sequential impact‐reversed activity pattern pair
• underlying pattern:

• derivative pattern:

©Longbing.Cao
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Case Study

• Mining Combined Patterns and Patterns Clusters for Debt Recovery in 
social security 

©Longbing.Cao
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Business Problem

• To profile customers according to their capacity to pay off their debts 
in shortened timeframes.

• To target those customers with recovery and amount options suitable 
to their own circumstances, and increase the frequency and level of 
repayment.

©Longbing.Cao



www.datasciences.org

Impact‐oriented group behaviors

• Coupled group behaviors with impact 

©Longbing.Cao
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Raw Data

• Data:
• No. of activity transactions: 15,932,832
• No. of customers: 495,891
• No. of debts: 30,546

©Longbing.Cao
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Data

• Customer demographic data
• Customer ID, gender, age, marital status, number of children, declared wages, 
location, benefit type, …

• Debt data
• Debt amount, debt start/end date, …

• Repayment data (transactional)
• Repayment method, amount, time, date, …

• Class ID: Quick/Moderate/Slow Payer

©Longbing.Cao
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Constructing Activity Baskets and Sequences

• Positive‐impact activity sequences: the activities before a debt are put in a basket. E.g., {a8, a9, a10, 
a11, a12, a13, d2}, {a13, a14, a15, a16, a17, a18, d3}

• Negative‐impact activity sequences
A virtual activity “NDT” is created for those customers have never had a debt.

©Longbing.Cao
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Examples of Debt/Non‐Debt Activity Sequences

Table 1. Example of an activity sequence 
associated with a debt from target dataset
a15, a9, a18, a19, a16, a9, DET

ACTIVITY CODE
START 
DATE TIME

a15 15/02/2006 13:34:05
a9 16/02/2006 16:26:16
a18 16/02/2006 16:26:17
a19 20/02/2006 16:12:35
a16 28/02/2006 11:27:50
a9 1/03/2006 13:50:03

Debt 1/03/2006 23:59:59

Table 2. Example of an activity sequence 
related to non-debt from non-target dataset
a14, a16, a1, a20, a14, a21, a22, NDT

ACTIVITY 
CODE

START 
DATE TIME

a14 6/02/2006 2:19:37
a16 6/02/2006 10:21:50
a1 7/02/2006 3:51:07
a20 7/02/2006 4:44:48
a14 7/02/2006 9:48:59
a21 8/02/2006 10:03:13
a22 15/02/2006 13:55:39

No-Debt 15/02/2006 23:59:59

©Longbing.Cao
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Impact‐contrasted sequential patterns

©Longbing.Cao
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Impact‐reversed sequential patterns

©Longbing.Cao



Impact‐oriented Combined Sequential 
Patterns
Longbing Cao. Combined Mining: Analyzing Object and Pattern Relations for Discovering and 
Constructing Complex but Actionable Patterns, WIREs Data Mining and Knowledge Discovery.
Longbing Cao, Huaifeng Zhang, Yanchang Zhao, Dan Luo, Chengqi Zhang. Combined Mining: Discovering 
Informative Knowledge in Complex Data, IEEE Trans. SMC Part B, 41(3): 699 ‐ 712, 2011.
Yanchang Zhao, Huaifeng Zhang, Longbing Cao, Chengqi Zhang. Combined Pattern Mining: from Learned 
Rules to Actionable Knowledge, LNCS 5360/2008, 393‐403, 2008.
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Number of constituent atoms

• Pair patterns

• Cluster patterns

©Longbing.Cao
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Structural relations

• Peer‐to‐peer patterns

• Master‐slave patterns

• Hierarchical patterns

©Longbing.Cao
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Time frame

• Independent patterns

• Sequential patterns

• Hybrid patterns

©Longbing.Cao



www.datasciences.org

Combined Pattern Pairs

• A combined rule pair is composed of two contrasting rules.
• Eg,. for customers with the same characteristics U, different policies/campaigns, V1 and 
V2, can result in different outcomes, T1 and T2.

©Longbing.Cao
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Interestingness of Pattern Pairs

©Longbing.Cao
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Combined Pattern Clusters

• Based on a combined rule pair, related combined rules can be organized into a cluster to 
supplement more information to the rule pair.

• The rules in cluster C have the same U but different V , which makes them associated 
with various results T.

©Longbing.Cao
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Interestingness of Pattern Clusters

©Longbing.Cao
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Interestingness of Rule Pair/Cluster

• dist(): the dissimilarity between the descendants of R1 and R2

• The interestingness of combined rule pair/cluster is decided by both the interestingness of rules 
and the most contrasting rules within the pair/cluster. 

• A cluster made of contrasting confident rules is interesting, because it explains why different 
results occur and what can be done to produce an expected result or avoid an undesirable 
consequence.

©Longbing.Cao
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Rule Pair vs Rule Cluster

• From P, we can see that V1 is a preferable policy for customers with 
characteristics U. 

• If, for some reason, policy V1 is inapplicable to the specific customer group, 
P is no longer actionable.

• Rule cluster C suggests that another policy V3 can be employed to retain 
those customers.

©Longbing.Cao
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Extended Combined Pattern Pairs

©Longbing.Cao
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Contribution

©Longbing.Cao
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Conditional P‐S ratio

©Longbing.Cao
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Interestingness of Combined Pattern

©Longbing.Cao
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Extended Combined Pattern Clusters

©Longbing.Cao
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Impact

©Longbing.Cao
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Intervention Strategy 1

• Type A: Demographics differentiated combined pattern 
• Customers with the same actions but different demographics
 different classes/business impact

©Longbing.Cao
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Intervention Strategy 2

• Type B: Action differentiated combined pattern
• Customers with the same demographics but taking different actions
 different classes/business impact

©Longbing.Cao
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Business Impact

• Able to move customers from one class to another class
• Useful for designing business policy

Behavior 1 Behavior 2 

Demographic 1 Slow Fast

Demographic 2 Fast Slow

©Longbing.Cao
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Results (2)

©Longbing.Cao
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Results (3)

©Longbing.Cao
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Business Rule

©Longbing.Cao
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Combined pattern presentation

©Longbing.Cao
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An Example of Extended Combined Pattern Cluster

©Longbing.Cao
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An Example of Extended Combined Pattern Cluster

©Longbing.Cao



High Utility Sequence Analysis
Yin, Junfu, Zhigang Zheng, and Longbing Cao. "USpan: an efficient algorithm for 
mining high utility sequential patterns." In KDD, pp. 660‐668. ACM, 2012
Jingyu Shao, Junfu Yin, Wei Liu, Longbing Cao. Mining actionable combined 
patterns of high utility and frequency. DSAA 2015: 1‐10
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Introduction

• Sequential pattern mining
• Very essential for handling order‐based critical business problems.
• Interesting and significant sequential patterns are generally selected by 
frequency.

• Insufficient of frequency/support framework
• They do not show the business value and impact.
• Some truly interesting sequences may be filtered because of their low 
frequencies.

• Example: Retail business

©Longbing.Cao
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Introduction

SID Quantitative Sequence

1 <   (e, 5) [(c, 2)(f, 1)]    (b, 2) >

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   >

3 <   (c, 1) [(a, 6)(d, 3)(e, 2)]   >

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   >

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   >

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database

In sequence s2, there are three 
transactions:

[(a, 2)(e, 6)], 
[(a, 1)(b, 1)(c, 2)] and
[(a, 2)(d, 3)(e, 3)].

Transaction [(a, 2)(e, 6)] means the 
customer buys two items, namely a and e.
(a, 2) means the quanity of item a is 2.

The square brackets omitted when there is 
only one item in the transaction. For 
example: (e, 5), (b, 2) in s1 and (c, 1) in s3.
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SID Quantitative Sequence

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   >

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   >

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   >

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   >

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   >

Introduction

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database

The utility of <e> in (e, 6) is 6×1 = 6

The utility of <ea> in s2 is 
{  ((6×1) + (1×2)), ((6×1) + (1×2))  }
= {8, 10}

The utility of <ea> is the database is 
{{}, {8, 10}, {}, {16, 10}, {15, 7}}.

Add the highest utility in each sequence 
to represent the utility of <ea>: 
10 + 16 + 15 = 41

If the minimum utility threshold ξ = 40 
then <ea> is a high utility pattern.
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Introduction

1. We define the problem of  mining high utility sequential patterns 
systematically.

2. USpan as a novel algorithm for mining high utility sequential 
patterns.

3. Two pruning strategies, namely width and depth pruning, are 
proposed to reduce the search space substantially.
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Related Work

• High utility pattern mining
• Two‐Phase Algorithm (Liu et al., UBDM’ 2005)
• IHUP Algorithm (Ahmed et al., IEEE Trans. TKDE’ 2009)
• UP‐Growth (Tseng et al., SIGKDD’ 2010)

• High utility sequential pattern mining
• UMSP (Shie et al., DASFAA’ 2011)  Designed for mining high utility mobile sequential 

patterns.

• UWAS‐tree / IUWAS‐tree (Ahmed et al., SNPD’ 2010) Designed for mining the high 
utility weblog data. IUWAS‐tree is for incremental environment.

• UI / US (Ahmed et al., ETRI Journal’ 2010) Uses two measurements of utilities of 
sequences. No generic framework is proposed.
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Problem Statement: Containing

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database

(a, 2): Q‐item
[(a, 2)(e, 6)]: Q‐itemset
s1 ‐ s5: Q‐sequence

• Q‐itemset containing
[(a, 4)(b, 1)(e, 2)] contains q‐itemsets 
(a, 4), [(a, 4)(e, 2)] and [(a, 4)(b, 1)(e, 2)] 
but not [(a, 2)(e, 2)] and [(a, 4)(c, 1)].

• Q‐sequence containing
<[(b, 2)(e, 3)][(a, 6)(e, 3)][(a, 2)(b, 1)]>
contains q‐sequences 
<(b, 2)>, <[(b, 2)(e, 3)]> and
<[(b, 2)][(e, 3)](a, 2)> 
but not [(a, 2)(e, 2)] and [(a, 4)(c, 1)].

SID Quantitative Sequence

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   >

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   >

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   >

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   >

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   >

©Longbing.Cao
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SID Quantitative Sequence

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   >

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   >

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   >

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   >

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   >

Problem Statement: Matching

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database

Sequence <ea> matches:

<(e, 6)(a, 1)> and <(e, 6)(a, 2)> in s2 ;
<(e, 2)(a, 7)> and <(e, 2)(a, 4)> in s4 ;
<(e, 3)(a, 6)> and <(e, 3)(a, 2)> in s5 ;

Denote as <(e, 6)(a, 1)> ~ <ea>
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Problem Statement: Utilities

The q‐item utility:
𝑢ሺ𝑖, 𝑞ሻ ൌ 𝑓௨೔ሺ𝑝 𝑖 , 𝑞ሻ

The q‐itemset utility:

𝑢ሺ𝑙ሻ ൌ 𝑓௨೔ೞሺራ 𝑢ሺ𝑖௝, 𝑞௝ሻ
௡

௝ୀଵ

ሻ

The q‐sequence utility:

𝑢ሺ𝑠ሻ ൌ 𝑓௨ೞሺራ 𝑢ሺ𝑙௝ሻ
௠

௝ୀଵ

ሻ

The q‐sequence database utility:

𝑢ሺ𝑆ሻ ൌ 𝑓௨೏್ሺራ 𝑢ሺ𝑠௝ሻ
௥

௝ୀଵ

ሻ

The sequence utility in a q‐sequence:
𝑣 𝑡, 𝑠 ൌ ራ 𝑢 𝑠ᇱ

௦ᇲ~௧∩௦ᇲ⊆௦

The sequence utility in a database:
𝑣 𝑡 ൌ ራ 𝑣ሺ𝑡, 𝑠ሻ

௦∈ௌ

For example:

v(<ea>, s4) =  {u(<(e, 2)(a, 7)>),  u(<(e, 2)(a, 4)>)}
v(<ea>) =  {v(<ea>, s2), v(<ea>, s4), v(<ea>, s5)}

The Sequence Utility Framework
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Problem Statement: Utilities

The q‐item utility:
𝑓௨೔ 𝑝 𝑖 , 𝑞 ൌ 𝑝ሺ𝑖ሻ ൈ 𝑞

The q‐itemset utility:

𝑓௨೔ೞሺራ 𝑢ሺ𝑖௝ሻ
௡

௝ୀଵ

ሻ ൌ ෍ 𝑢ሺ𝑖௝, 𝑞௝ሻ
௡

௝ୀଵ

The q‐sequence utility:

𝑓௨ೞሺራ 𝑢ሺ𝑙௝ሻ
௠

௝ୀଵ

ሻ ൌ ෍ 𝑢ሺ𝑙௝ሻ
௠

௝ୀଵ

The q‐sequence database utility:

𝑓௨೏್ሺራ 𝑢ሺ𝑠௝ሻ
௥

௝ୀଵ

ሻ ൌ ෍ 𝑢ሺ𝑠௝ሻ
௥

௝ୀଵ

For example:
V(<ea>, s4) = {16, 10}
V(<ea>) = { {8, 10}, {16, 10}, {15, 7} }

Sequence t is a high utility sequential 
pattern if and only if umax ≥ ξ
where ξ is a user‐specified minimum utility. 

High Utility Sequential Pattern Mining

Target: Extracting all high utility sequential patterns in S satisfying ξ.
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USpan Algorithm

Challenges of mining for high utility patterns

umax (<a>)= 4 + 12 + 14 + 12 = 42
umax (<ab>)= 7 + 13 + 9 = 29
umax (<abc>)= 15
umax (<(abc)a>)= 19

No Downward Closure Property

©Longbing.Cao
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USpan Algorithm

Lexicographic 
Q‐sequence 
Tree
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SID Quantitative Sequence

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   >

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   >

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   >

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   >

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   >

USpan Algorithm

Items Itemset 1 Itemset 2 Itemset 3

a 14 8

b 10 5

d 9

e 2 2

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database

Items I 1 I 2 I 3

a 14 8

b 10 5

d 9

e 2 2

v(<b>) = {10, 5}

Items I 1 I 2 I 3

a 14 8

b 10 5

d 9

e 2 2

v(<(be)>) = {10 + 2, 5 + 2} = {12, 7}

v(<(be)a>) = {12 + 14, 12 + 8} = {26, 20}
Items I 1 I 2 I 3

a 14 8

b 10 5

d 9

e 2 2

v(<(be)(ad)>) = {26 + 9} = {35}
Items I 1 I 2 I 3

a 14 8

b 10 5

d 9

e 2 2

v(<(be)(ad)a>) = {35 + 8} 
= {44}Items I 1 I 2 I 3

a 14 8

b 10 5

d 9

e 2 2©Longbing.Cao
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USpan Algorithm: Concatenation

Data 
Representation

©Longbing.Cao
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USpan Algorithm: Width Pruning

What is Width 
Pruning
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USpan Algorithm: Width Pruning
What to Width Prune

SWU(<ea>) = u(s2) + u(s4) + u(s5) 
= 41 + 50 + 24 
= 115

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database
SID Quantitative Sequence SU

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   > 24

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   > 41

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   > 27

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   > 50

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   > 42

SID Quantitative Sequence SU

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   > 24

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   > 41

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   > 27

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   > 50

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   > 42

SWU(<f>) = u(s1) = 24 

<f> should be width‐pruned

©Longbing.Cao
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USpan Algorithm: Depth Pruning

What is Depth 
Pruning

©Longbing.Cao
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USpan Algorithm: Depth Pruning
What to Depth Prune

Items a b c d e f

Quality 2 5 4 3 1 1

Table 1: Quality Table

Table 2: Quantitative Sequence Database
SID Quantitative Sequence SU

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   > 24

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   > 41

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   > 27

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   > 50

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   > 42

urest (<ea>) = (8+29) + (16+24) + (15+17) 
= 37 + 40 + 32
= 109

urest (<e(ae)>) = (18 + 9)
= 27

SID Quantitative Sequence SU

1 <   (e, 5)    [(c, 2)(f, 1)]    (b, 2)   > 24

2 <   [(a, 2)(e, 6)]    [(a, 1)(b, 1)(c, 2)]    [(a, 2)(d, 3)(e, 3)]   > 41

3 <   (c, 1)    [(a, 6)(d, 3)(e, 2)]   > 27

4 <  [(b, 2)(e, 2)]    [(a, 7)(d, 3)]    [(a, 4)(b, 1)(e, 2)]   > 50

5 <   [(b, 2)(e, 3)]    [(a, 6)(e, 3)]    [(a, 2)(b, 1)]   > 42

<e(ae)> should be depth‐pruned

©Longbing.Cao
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Experiments
Datasets

DS3 is a dataset consisting of online 
shopping transactions which contains 
350,241 transactions and 59,477 
customers.

DS4 is a real dataset that includes 
mobile communication transactions. 
The dataset is a 100,000 mobile call 
history from a specific day. There are 
67,420 customers in the dataset. 

Parameters DS1 DS2

that the average number 
of elements 10 8

the average number of 
items in an element  2.5 2.5

the average length of a 
maximal pattern 4 6

the average number of 
items per element 2.5 2.5

Number of sequences 10k 10k

Number of items 1k 10k

Synthetic Datasets  Real Datasets 
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Experiments
Performance and distributions (DS2)

• The running time and the number of patterns grow exponentially with 
respect to ξ.

• The high utility sequential patterns are mid‐long patterns.
©Longbing.Cao



www.datasciences.org

Experiments
Scalability Test (DS1 & DS2) 

• Both the time and memory usage grow linearly with respect to the size of the DB.
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Experiments
High Utility Sequential Pattern vs. Frequent Sequential Patterns (DS3)

• USpan out performs Prefixspan with respect to the utilities of the patterns.

©Longbing.Cao
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Conclusions

1. We define the problem of mining high utility sequential patterns.

2. We propose the USpan to efficiently mine for mining high utility 
sequential patterns.

3. Two pruning strategies are proposed to substantially reduce the 
search space.

4. Experiments on both synthetic and real datasets show that USpan
can discover the high utility sequential patterns efficiently.

©Longbing.Cao



Non‐occurring Behavior Analysis
/Negative Sequence Analysis
Longbing Cao, Philip S. Yu, Vipin Kumar. Nonoccurring Behavior Analytics: A New Area. IEEE Intelligent Systems 30(6): 
4‐11 (2015).
Longbing Cao, Xiangjun Dong and Zhigang Zheng. e‐NSP: Efficient Negative Sequential Pattern Mining, Artificial 
Intelligence, 235: 156‐182, 2016
Zhigang Zheng, Yanchang Zhao, Ziye Zuo, Longbing Cao, Huaifeng Zhang, Yanchang Zhao, Chengqi Zhang. An Efficient 
GA‐Based Algorithm for Mining Negative Sequential Patterns, PAKDD 2010, 262‐273
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Problem description
• What is negative sequential patterns?
• Focus on negative relationship between itemsets
• Absent items are taken into consideration

• Example:
p1 = <a b c d>  vs  p2 = <a b ¬c e>

• Each item, a, b, c, d and e, stands for a claim item of insurance.
• p1: an insurant usually claims for a, b, c and d in a claim.
• p2: does NOT claim c after a and b, then claim item e instead of d.

©Longbing.Cao
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PSP & NSP
PSP: Positive Sequential Pattern
 Only contain occurring itemsets

E.g. p1=<a b c X>.

Existing Methods: 
AprioriAll, GSP, FreeSpan, PrefixSpan, SPADE , SPAM

NSP: Negative Sequential Pattern
 Also contain non‐occurring itemsets

E.g. p1=<a b ¬c X>.

Limited research: 
Neg_GSP, PNSP 

©Longbing.Cao
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Challenges for NSP
• Apriori principle doesn’t work for some situations

• Huge search space
• 10 distinct items
• 3-item PSC: 103

• 3-item NSC: 203

©Longbing.Cao
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Difficulties in Mining NSP

■ High Computational Complexity. 
Additionally scanning database after identifying PSP.

■ Large NSC Search Space.
k‐size NSC by conducting a joining operation on (k‐1 )‐
size NSP.  (NSC : Negative Sequential Candidates) 

■ No Unified Definition about Negative Containment.
How a data sequence contains a negative sequence?
<a> contains < a¬a >?   <a> contains < ¬a a¬a >?

©Longbing.Cao
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Non‐occurrence behaviour analysis
(Negative sequence analysis)

©Longbing.Cao



www.datasciences.org

Genetic-Algorithm based NSP approach: 
GA-NSP
• Find good (frequent) genes with good performance (supp), and 
optimize genes (FP) through crossover and mutation, m*generations

• Improve gene quality (making more and more frequent)
Strengths:
• Treat candidates unequally
• Very low support threshold
• Find long‐NSP at the beginning
Zhigang Zheng, Yanchang Zhao, Ziye Zuo, Longbing Cao, Huaifeng Zhang, Yanchang Zhao, Chengqi Zhang. An 
Efficient GA‐Based Algorithm for Mining Negative Sequential Patterns, PAKDD 2010, 262‐273
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GA-NSP 

• New generations: good genes (freq patterns) through 
crossover and mutation operations.

• Population evolution control: fitness and dynamic fitness.
• Performance improvement: pruning method  (check 

constraints of NSP)

©Longbing.Cao
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Problem Statement
• Sequence (general)

s  =<e1 e2 ... en>
i.e. <a b (c,d) e>, <a ¬b c e>

• Positive/Negative Sequence
sp =<e1 e2 ... en>, all elements are positive
sn   =<e1 e2 ... en>, at least one element is negative

• Negative Sequential Pattern
• Its support is greater than minimum support threshold.
• Two or more continuous negative elements are not accepted.
• For each negative item, its corresponding positive item is required to be frequent.
• Items in an element should be all positive or all negative.  i.e. <a (a,¬b) c> is not allowed.

©Longbing.Cao
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• Negative Matching

Sequence Matching Data Sequence
S1 <b ¬c a> No <b f d c a>
S2 <b ¬c d a> Yes <b f d c a>

©Longbing.Cao
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GA-NSP Algorithm
 Encoding

 Crossover

 Mutation
Select a random position and then replace all genes after 
that position with 1-item patterns

©Longbing.Cao
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 Fitness & Dynamic Fitness

 Selection 
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Initial Population
(1-item Patterns)

Population (Patterns)

Parents

Mutation

Crossover

Operation

Children Prune? >min_sup

Select Top K Individuals
(Dynamic Fitness)

Selection

No

Yes

©Longbing.Cao
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 GA-NSP Pseudocode

©Longbing.Cao



www.datasciences.org

Experiments Result .1
• Datasets

• Dataset1(DS1) is C8.T8.S4.I8.DB10k.N1k, which means 
the average number of elements in a sequence is 8, the 
average number of items in an element is 8, the average 
length of a maximal pattern consists of 4 elements and 
each element is composed of 8 items average. The data set 
contains 10k sequences, the number of items is 1000.

• Dataset2(DS2) is C10.T2.5.S4.I2.5.DB100k.N10k.
• Dataset3(DS3) is C20.T4.S6.I8.DB10k.N2k.
• Dataset4(DS4) is real application data for insurance claims. 
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• Crossover Rate
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• Mutation Rate
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• Decay Rate
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• Comparison with PNSP, Neg-GSP
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Classification of both positive and negative 
behavior patterns
Huaifeng Zhang, Yanchang Zhao, Longbing Cao, Chengqi Zhang and Hans Bohlscheid. Customer 
Activity Sequence Classification for Debt Prevention in Social Security, Journal of Computer Science 
and Technology, 24(6): 1000‐1009 (2009).
Yanchang Zhao, Huaifeng Zhang, Shanshan Wu, Jian Pei,Longbing Cao, Chengqi Zhang and Hans 
Bohlscheid. Debt Detection in Social Security by Sequence Classification Using Both Positive and 
Negative Patterns, ECML/PKDD2009, 648‐663.
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Sequence classification
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• Class correlation ratio
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e‐NSP: Efficient negative sequential 
pattern mining
Cao, Longbing, Xiangjun Dong, and Zhigang Zheng. "e‐NSP: Efficient negative sequential pattern 
mining." Artificial Intelligence 235 (2016): 156‐182.

Dong, Xiangjun, Zhigang Zheng, Longbing Cao, Yanchang Zhao, Chengqi Zhang, Jinjiu Li, Wei Wei, and Yuming 
Ou. "e‐NSP: efficient negative sequential pattern mining based on identified positive patterns without database 
rescanning." In CIKM, pp. 825‐830. ACM, 2011.
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Some Definitions
 Negative Item/Element: 

Non-occurring item / element

 Negative Sequence
A sequence includes at least one negative item

 Positive-partner of a Negative Element /Sequence
p(¬e)= e. 
p(<a¬(ab) c>) =<a(ab) c>.

 Max Positive Sub-sequence
MPS(<a¬(ab) c>) = <ac>.
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Constraints to Negative Sequence
Constraint 1. Frequency Constraint
This paper only focuses on the negative sequences ns whose positive partner is 
frequent, i.e., sup(p(ns))>=min_ sup. 

Constraint 2. Format Constraint 
Continuous negative elements in a NSC are not allowed.

< ¬(ab) c ¬ d> ✔
< ¬(ab) ¬ c d> ✗

Constraint 3. Element Negative Constraint 
The minimum negative unit in a NSC is an element.

< ¬(ab) c  d> ✔
<(¬ab) c d> ✗
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What does This Paper Do

E-NSP: Only use corresponding PSP information to calculate the support of 
negative sequence, without additional database scanning.

 A definition about negative containment. 
 Three constraints for negative sequence
 A smart method to generate negative sequence candidate (NSC).  
 A conversion strategy to convert negative containment problems to positive 

containment problems.
 A method to calculate the support of NSC. 
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The framework of E‐NSP

PSPSequence 
database

ConvertGenerate Calculate
sup(NSC)NSC PSP

1. Mine all PSP by traditional PSP mining algorithms;
2. Generate NSC based on these PSP;
3. Convert these NSC to corresponding PSP;
4. Get supports of NSC by calculating support of 

corresponding PSP.
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Negative Containment Definition
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Negative Containment Definition
ns=< nsleft,       ¬e,         nsright >

MPS(nsleft)       e          MPS(nsright)

ds=<s1,……,si, si+1,…sj‐1, sj,………st>

ds contains ns if  <s1,…,si > contain MPS(nsleft) , 
<sj,…st> contain MPS(nsright) , and < si+1,…sj‐1,
>doesn’t contain <e>.  (To EACH negative 
element ¬e in ns)

｝
  {
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Example: Negative Containment Definition

ns=<a¬bb(cde)>.   ds=<a(bc)d(cde)>.

<      a ¬b b(cde)>

ds=  <a (bc)d(cde)>. 

ds contains ns.

｝  {
©Longbing.Cao



Definitions
1‐neg‐size Maximum Sub‐sequence is a sequence

that includes MPS(ns) and one negative element e in 
original sequence order.

1‐neg‐size maximum sub‐sequence set is a set  that 
includes all 1‐neg‐size maximum sub‐sequences of ns, 
denoted as 1‐negMSSns.

Example  ns=<a¬bc¬d>, 

1‐negMSSns ={<a¬bc>, <ac¬d>}
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Negative Conversion Strategy

Example  ns =<a¬bb¬a(cde)>, ds=<a(bc)d(cde)>.

1‐negMSSns={ <a¬bb(cde)> , <ab¬a(cde)> } 

(1)MPS(ns)=< ab(cde)>ds;

(2)p(<a¬bb(cde)> )= <abb(cde)>  ds; 

p(<ab¬a(cde)> )= <aba(cde)>  ds; 

ds contains ns
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Negative Conversion Strategy

problem
whether a data

sequence contains 
a negative 
sequence

problem
whether the data 
sequence does not 

contain its
corresponding 

positive sequences

Now we can calculate the support of NSC only 
using the NSC’s corresponding PSP. 
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Calculate the Support of NS
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Calculate the Support of NS

Known
Calculate the 
union set of 

{p(1‐negMSi)}.
(p(1‐negMSi) 
are frequent.)
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Negative Sequential Candidates Generation
Definition . e‐NSP Candidate Generation
For a k‐size PSP, its NSC are generated by changing 
any m non‐contiguous element(s) to its (their) 
negative one(s), m=1,2, …,k/2, where k/2 is a 
minimum integer that is not less than k/2.

Example.   s= <(ab) c d> include:
m=1, <¬(ab) c d>,<(ab) ¬cd>,<(ab) c¬d>;
m=2, <¬(ab) c ¬d>.
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An Example
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An Example
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Experiment and Evaluation

Data Sets

Four source datasets including both real data 
and synthetic datasets generated by IBM 
data generator. Partition these datasets to 
14 datasets according to different data 
factors.
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An Example
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Experiment and Evaluation

Com
putational  Cost

©Longbing.Cao



www.datasciences.org

Conclusions

• We have proposed a simple but very efficient NSP mining algorithm: e‐
NSP. E‐NSP includes:

 A formal definition, negative containment, to define how a data sequence 
contains a negative sequence. 
 A negative conversion strategy to convert negative containing problems to 
positive containing problems. 
 A method to calculate the supports of NSC only using the corresponding PSP. 
 A simple but efficient approach to generate NSC. 
 The experimental results and comparisons on 14 datasets from different data 
characteristics perspectives have clearly shown that e‐NSP is much more efficient 
than existing approaches. 
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Coupled/Group/Collective Behavior 
Analysis
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solving 
world

Intelligent Transport 
Systems
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What is Coupled Behavior?
Longbing Cao. Coupling Learning of Complex Interactions, Information Processing 
and Management, 51(2): 167‐186 (2015)
Cao, L., Ou, Y., Yu, P.S. Coupled Behavior Analysis with Applications, IEEE 
Transactions on Knowledge and Data Engineering, 24 (8): 1378‐1392, 2012. 

©Longbing.Cao



www.datasciences.org

Relationship crossing behaviors

©Longbing.Cao



www.datasciences.org

Behavior Coupling  Types

• Logic/semantic relation based behavior coupling
• Statistical/Probabilistic relation based behavior coupling
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Behavior Feature Matrix
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An Example of Stock Market

Transactional Data Behavior Feature 
Matrix

B1
B2
B3
B4

B6
B5

B7
B8
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Behavior Intra-relationship
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Behavior Inter-relationship
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Behavior Relationship
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Behavior Behavior Analysis
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Longbing Cao. Combined Mining: Analyzing Object and Pattern Relations for Discovering 
and Constructing Complex but Actionable Patterns, WIREs Data Mining and Knowledge 
Discovery.
Longbing Cao. Zhao Y., Zhang, C. Mining Impact‐Targeted Activity Patterns in Imbalanced 
Data, IEEE Trans. on Knowledge and Data Engineering, 20(8): 1053‐1066, 2008. 

Logic/Semantic Relation‐based Group 
Behavior Analysis
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Coupling relationships

• From temporal aspect

• From inferential aspect

• From combinational aspect
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 1 2, , , na a a

 i ja a

1{ , , }na a 

 1 2 , , na a a

Basic Behavior Patterns

 Tracing: Different actions with sequential order.

 Consequence: Different actions have causalities in occurrence.

 Synchronization: Different actions occur at the same time.

 Combination: Different actions occur in concurrency.

©Longbing.Cao



 1 2 , ,   na a a

 i ja a

 Exclusion: Different actions occur mutually exclusively.

 Precedence: Different actions have required precedence

And more to be explored…
 Sequential Combination   
 Parallel Combination
 Nested Combination
 Fuzzy or probabilistic Combination 

A B C  

A B C  
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Logic Coupling Based Combined Pattern Pairs

Group 1 behavior

Group 2 behavior
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Logic Coupling Based Combined Pattern Clusters

Group 1 behavior

Group K behavior
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Multi‐group Pattern Relation
• Type A: Demographics differentiated combined pattern 

• Customers with the same actions but different demographics
 different classes/business impact
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Multi‐group Pattern Relation
• Type B: Action differentiated combined pattern

• Customers with the same demographics but taking different actions
 different classes/business impact
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Multiple Group Pattern Relations
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Multi‐Group Combined Patterns
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Multi‐Group Combined Patterns

Divergence vs. convergence of group behaviors
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Statistical/Probabilistic Coupled 
Behavior Analysis
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Coupled Hidden Markov Model‐based 
Abnormal Coupled Behavior Analysis
Cao, L., Ou Y, Yu PS, Wei G. Detecting Abnormal Coupled Sequences and Sequence 
Changes in Group‐based Manipulative Trading Behaviors, KDD2010.
Cao, Longbing, Yuming Ou, and S. Yu Philip. "Coupled Behavior Analysis with 
Applications." IEEE Transactions on Knowledge & Data Engineering 8 (2011): 1378‐
1392.
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Pool manipulation
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Construct behavior sequences
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CHMM Based Coupled Sequence Modeling

• Coupled behavior sequences
• Multiple sequences

• Coupling relationship

• Behavior properties

©Longbing.Cao
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CBA ‐ CHMM
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Framework: abnormal CBA
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Adaptive CHMM for Detecting Sequence Changes
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The Algorithm
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• Benchmark Models
• HMM‐B
• HMM‐S
• HMM‐T
• IHMM
• CHMM
• ACHMM
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Evaluation

• Technical performance

• Business performance
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• Business Performance
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• Computational cost
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Conditional Probability Distribution‐based 
Coupled Behavior Analysis
Yin Song, Longbing Cao, et al. Coupled Behavior Analysis for Capturing Coupling 
Relationships in Group‐based Market Manipulation, KDD 2012, 976‐984.

Yin Song and Longbing Cao. Graph‐based Coupled Behavior Analysis: A Case Study on 
Detecting Collaborative Manipulations in Stock Markets, IJCNN 2012, 1‐8.
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Graph‐based Coupled Behavior Presentation
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Propositional Coupled Behavior
• CPD
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• Estimate p(RF|X)

• Estimate 
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• CBA problem  CPD problem
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• Conditional likelihood:
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Probabilistic Modeling of Rating Behaviors 
for Scalable Recommendation
Trong Dinh Thac Do and Longbing Cao. Metadata‐dependent Infinite Poisson Factorization 
for Efficiently Modelling Sparse and Large Matrices in Recommendation, IJCAI2018.
Trong Dinh Thac Do, Longbing Cao. Coupled Poisson Factorization Integrated with 
User/Item Metadata for Modeling Popular and Sparse Ratings in Scalable 
Recommendation. AAAI2018.
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Metadata‐integrated Poisson Factorization (MPF) 
Metadata‐integrated Infinite Poisson factorization 
(MIPF)

Enrich prior using 
user and item
metadata

Using Bayesian Nonparametric 
techniques to automatically 
determines the number
of latent components

Enrich prior by 
modeling user 

behavior and item 
attractiveness
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Mpf ‐ finite Metadata‐integrated PF
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MIPF – Metadata‐integrated Infinite PF
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Variational inference of MPF/MIPF
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Properties

• MPF/MIPF improve precision when working with large and sparse data by 
integrating user/item metadata.

• MIPF efficiently estimates the number of latent components.

• The variational inference for MPF and MIPF applies to massive data.
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Results

• Datasets:
• (1) Movielens100K, Movielens1M and Movielens10M [Harper and Konstan, 
2016].

• (2) Book‐Crossing [Ziegler et al., 2005].

• Baseline methods:
• HPF [Gopalan et al., 2015] as it outperforms many baselines in MF including 
NMP, LDA and PMF.

• Bayesian Nonparametric PF (BNPPF) [Gopalan et al., 2014a].
• The latest PF: Hierarchical Compound PF (HCPF) [Basbug and Engelhardt, 
2016].

©Longbing.Cao



www.datasciences.org

Results ‐ How do MPF/MIPF significantly outperform 
other PF models?

Normalized Mean Precision Normalized Mean Recall

Top‐20 Recommendation Compared with baselines
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Results ‐ How does MIPF effectively estimate the number 
of unbounded latent components?

Performance of top‐30 recommendations made by 
finite model MPF and infinite model MIPF.
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Results ‐ How do MPF/MIPF deal with sparse 
items/users?

Example of MIPF in handling sparse items in comparison with HCPF.
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Understanding Behavior Driving Forces: 
Intent, Choice, Attraction
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Modeling User Choices
Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of 
Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 
2017.
Hu, L., Cao, W., Cao, J., Xu, G., Cao, L., & Gu, Z. (2014). Bayesian Heteroskedastic Choice 
Modeling on Non‐identically Distributed Linkages. In R. Kuamr (Ed.), Proceedings of the 
2014 IEEE International Conference on Data Mining (pp. 851‐856)

©Longbing.Cao



www.datasciences.org

Multi‐objective Recommender Systems

• Traditional RSs are built on single objective

• However, users’ choices are determined by multiple aspects
• Diversity

• To learn users’ profile more comprehensively,  we need to build new 
RSs to optimize multiple objectives for each aspect 

©Longbing.Cao



Problems for Long‐tail Users/Items

• Popularity Bias
• Short‐head users and items account for 

the majority of data, and models tend 
to fit these users and items. It 
overlooks the preference of users and 
items in the tail.

• Specialty modeling is desirable
• Shilling Attack

• Short‐head items are well known by 
users. However, long‐tail items have 
few data and they are more vulnerable 
to shilling attack.

• Credibility modeling is desirable
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RMRM : Joint Optimizing Credibility and Specialty

• Recurrent Mutual Regularization Model (RMRM) consists of two main 
components

• C‐HMF models user choices by emphasizing credibility 
• S‐HMF models user choices by emphasizing specialty

• Each component leads to a different objective for optimization, so 
RMRM is a multi‐objective recommenders systems

Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM 
Trans. Inf. Syst., 2017
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Classic Probabilistic MF & Heteroscedastic MF

• 𝑃 𝑼௜ ൌ 𝑁 𝑼௜ 𝟎, 𝜎௎
ଶ𝑰    

• 𝑃 𝑽௝ ൌ 𝑁 𝑽௝ 𝟎, 𝜎௏
ଶ𝑰

• 𝑃 𝑌௜௝ 𝑼௜, 𝑽௝ ൌ 𝑁 𝑌௜௝ 𝑼௜
୘𝑽௝, 𝜎ଶ

• Loss function:
• െlog 𝑃 𝑌௜௝, 𝑼௜, 𝑽௝ ൌ

𝑎𝑟𝑔𝑚𝑖𝑛
𝑼,𝑽 ቈ∑ 𝑌௜௝ െ 𝑼௜

୘𝑽௝
ଶ

௜௝

௪௘௜௚௛௧௘ௗ ௟௢௦௦

൅

𝜆௎ ∑ 𝑼௜
ଶ

௜ ൅ 𝜆௏ ∑ 𝑽௝
ଶ

௝

௥௘௚௨௟௔௥௜௭௔௧௜௢௡
቉

• 𝑃 𝑼௜ ൌ 𝑁 𝑼௜ 𝝁௎, 𝜎௎
ଶ𝑰   

• 𝑃 𝑽௝ ൌ 𝑁 𝑽௝ 𝝁௏, 𝜎௏
ଶ𝑰  

• 𝑃 𝑌௜௝ 𝑼௜, 𝑽௝ ൌ 𝑁 𝑌௜௝ 𝑼௜
୘𝑽௝, 𝜎௜௝

ଶ

• Loss function:
• െlog 𝑃 𝑌௜௝, 𝑼௜, 𝑽௝ ൌ

• 𝑎𝑟𝑔𝑚𝑖𝑛
𝑼,𝑽

∑ 𝑤௜௝ 𝑌௜௝ െ 𝑼௜
୘𝑽௝

ଶ
௜௝

௪௘௜௚௛௧௘ௗ ௟௢௦௦

൅ 𝜆௎ ∑ 𝑼௜ െ 𝝁௜
ଶ

௜ ൅ 𝜆௏ ∑ 𝑽௝ െ 𝝁௝
ଶ

௝
௥௘௚௨௟௔௥௜௭௔௧௜௢௡

• model variance, i.e. weight on the loss :  𝑤௜௝ ൌ 𝑓 𝜎௜௝
ିଶ

𝑃 𝑼, 𝑽 𝒀 ∝ 𝑃 𝒀, 𝑼, 𝑽  ൌ ෑ 𝑃 𝑌௜௝ 𝑼௜, 𝑽௝
௜௝∈𝑶

ෑ 𝑃 𝑼௜
௜

 ෑ 𝑃 𝑽௝
௝

Popularity Bias

Shilling Attack
©Longbing.Cao
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Credibility Enhancement

• C‐HMF (Credibility‐specific Heteroscedastic MF)
• 𝜎௜௝

ଶ ൌ 𝑓஼ 𝑌௜௝ ∝ 𝜑௜
ିଵ scores the credibility of each review

• Bayesian Reputation Modeling
• Reputation Score: Given the helpfulness scores ℎ௜ of a user 𝑖, the reputation score on this user is 
defined by:

𝜑௜ ൌ ℛ 𝒆௜ 𝒉௜ ≝
𝑟 ൅ 𝛼

𝑟 ൅ 𝑠 ൅ 𝛼 ൅ 𝛽

Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 2017

Shilling Attack
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Specialty Enhancement

• S‐HMF (Specialty‐specific Heteroscedastic MF)
• 𝜎௜௝

ଶ ൌ 𝑓ௌ 𝑌௜௝ ∝ 𝜓௝
ିଵ scores the specialty of user choice, which tightly fits the choices 

over long‐tail items

• Given all observed choices, the specialty score of a choice on an item 𝑗
is measured by the self‐information:
• 𝜓௝ ൌ െ 𝑙𝑜𝑔 𝑝 𝑗 𝛼  

Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 2017

Popularity Bias

©Longbing.Cao
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Recurrent Mutual Regularization

• A recurrent mutual regularization process couples S‐HMF and C‐HMF 
using the user and items factors learned from each other as the 
empirical priors

S-HMF

C-HMF

FactorsFactors

Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 2017
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Graphical model of RMRM framework

Legend
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Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 2017
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Head Tail

Head Tail

Head Tail Head

Head

Head

Tail

Tail

Tail
Parameters Learned from C-HMF as Priors of S-HMF

Parameters Learned from Likelihood of S-HMF

Parameters Learned from the Posterior of S-HMF

Parameters Learned from S-HMF as Priors of C-HMF

Parameters Learned from the Posterior of C-HMF

(a) S-HMF Regularized by C-HMF Priors 
(T=t)

(b) C-HMF Regularized by S-HMF Priors 
(T=t)

Head Tail

Head Tail

Parameters Learned from Likelihood of S-HMF

Parameters Learned from the Posterior of S-HMF

(c) S-HMF Regularized by C-HMF Priors 
(T=t+1)

Head Tail
Parameters Learned from C-HMF as Priors of S-HMF

Parameters Learned from Likelihood of C-HMF

Demonstration of the recurrent mutual 
Regularization process

Hu, L., Cao, L., Cao, J., Gu, Z., Xu, G., and Wang, J. Improving the Quality of Recommendations for Users and Items in the Tail of Distribution. ACM Trans. Inf. Syst., 2017
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Dataset: the Epinions
# users: 39,902  # items: 63,027
# trust links: 43,8965 # trusters / users: 11
max # of trusters: 1,713 # users with zero truster: 14,202
# ratings: 734,441 density: 0.029%
# ratings / users: 18 # ratings / items: 11
max # ratings of user: 1,809 max # ratings of item: 2,112
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Long‐tail distributions for the number of ratings of items and users (truncated from 0 to 500)

The distributions for the number of helpful scores w.r.t. items and users (truncated from 0 to 200)
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Rating Prediction on Long‐tail Distributed 
Items and Users
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Shilling Attack Simulation

• To simulate such an environment
• We created 1,000 virtual spam users to conduct the attack
• We selected 100 items from the head (0%~20%) and the tail (20%~100%) as 
the attack targets. 

• Nuke attack in the case of the average attack model
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Probabilistic Modeling of Sparse Rating Behaviors9

Understanding Behavior Drivers: Choice and Attraction10

Statistical Modeling of Coupled Behaviors8

11

Behavior Analysis in Visual Data12

Behavior Learning from Demonstrations13

Challenges and Prospects 14

Behavior Analysis with Recurrent Networks

O
utline
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Representation of Next‐item/choice in 
Recommendation within Session and 
Context
Shoujin Wang, Liang Hu, Longbing Cao, Xiaoshui Huang, Defu Lian and Wei Liu. Attention‐
based Transactional Context Embedding for Next‐Item Recommendation. AAAI2018.
S. Wang, L. Hu, L. Cao, X. Huang. Perceiving the Next Choice with Comprehensive 
Transaction Embeddings for Online Recommendation, ECML/PKDD2017 
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Session context

• Session context consists of observed sequence that leads to the 
consequent actions. 

• e.g., clicked pages in browsing history, or chosen items in a transaction.

©Longbing.Cao
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Session‐based Recommender Systems 
Overview

• Session‐based Recommender Systems 
• First‐order dependency modeling

• Markov chain models
• Matrix factorization models

• Higher‐order dependency modeling
• RNN‐based model for session Modeling
• Encoder‐Decoder for Session Modeling

• Loosely ordered dependency modeling
• ATEM model
• NTEM model

©Longbing.Cao



ATEM:
Weight transaction embedding with attention mechanism

Wang, S., Hu, L., & Cao, L. Attention‐based Transactional Context Embeddings for Next‐Item Recommendation. AAAI2018

Context items contribute differently to the next choice

ATEM

©Longbing.Cao
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Experiments

• ATEM achieves best performance compared to baselines.  
• Attention mechanism contributes greatly by comparing ATEM and 
TEM, a simplified model without attention mechanism.

©Longbing.Cao
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Experiments

• Test the robustness to the item order within a session
• ATEM is almost not affected when randomly disordering items.

©Longbing.Cao
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Experiments

• Test the effect of context length on recommendation performance
• ATEM outperforms other methods on longer context, which proves attention 
mechanism effectively choose the most related items in context.

©Longbing.Cao



Attraction Learning 
Liang Hu, Songlei Jian, Longbing Cao, Qingkui Chen. Interpretable Recommendation 
via Attraction Modeling: Learning Multilevel Attractiveness over Multimodal Movie 
Contents, IJCAI2018
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Why modeling attraction?

• First, the attraction is the highlights that largely lead to a person’s 
behaviour, selection and decision. 

• For example, 
• An action may be taken due to the attraction to something interesting.
• We often cannot recite a whole poem but we can always recall some 
impressive sentences; 

• We may not remember a whole song but we can hum some touching lyrics.
• These highlights make a person to be attracted by the poem or the song. 

©Longbing.Cao
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Why modeling attraction?

• Second, the attraction is a subjective 
feeling which is often different from 
person to person. 

• For example, 
• Readers in Go community may be 
attracted by the target problem, i.e., 
Go playing, of this scientific paper 
while readers in AI community may be 
attracted by the technical methods.

©Longbing.Cao
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Example: Attraction on Movies

• The internet movie has accounted for 
the major traffic in new media age.

• In particular, the story and the cast 
members, e.g., actors, directors and 
writers, are two most important 
aspects of a movie to attract audience. 

• A person may be caught by some 
attractive words by the story of a movie. 
Only a few sentences of the core plot 
instead of all sentences actually attract a 
user.

• Cast members of a movie are another 
very important factor to attract users.

Hu, L., Jian, S., Cao, L., Chen. Q. Interpretable Recommendation via Attraction Modeling: Learning Multilevel Attractiveness over Multimodal Movie Contents. IJCAI2018
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Multimodal and Multilevel Attraction Model

• One multilevel neural model on the movie story to capture
• Word‐level attraction: e.g. some character, some place
• Sentence‐level attraction: e.g. some core plot
• Story‐level attraction: e.g. like the movie to what extent

• The other multilevel neural model on the cast to capture
• Member‐level attraction: e.g. a fan of some actor
• Cast‐level attraction: e.g. attracted by the movie to what extent

©Longbing.Cao
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Experiments

• The experiments are conducted on the real‐world movie watch 
dataset MovieLens 1M. The model is evaluated from three aspects: 

• Recommendation accuracy
• New movie recommendation
• Interpretation of attraction on movies

©Longbing.Cao
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Datasets

• We collect user watch records from the MovieLens 1M dataset. 
• https://grouplens.org/datasets/movielens/1m/

• Story and cast data are provided the mapping from MovieLens ID to 
DBPedia URI 

• https://github.com/sisinflab/LODrecsys‐datasets/tree/master/Movielens1M

©Longbing.Cao
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Augment information from DBPedia

• SPARQL Interface

PREFIX 
movie:http://dbpedia.org/resource/Screwed_(2000_film)
select ?abstract ?director ?writer ?starring
{ movie: dbo:abstract ?abstract.
optional { movie: dbo:director ?director }
optional { movie: dbo:writer ?writer }
optional { movie: dbo:starring ?starring }
FILTER (langMatches(lang(?abstract),"en")) }

©Longbing.Cao
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Statistics of the Enriched Dataset

©Longbing.Cao
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Training and Testing Sets

• Released movie recommendation: we randomly held out 20% user 
watch records as the testing set, and the remainder were served as 
the training set.

• New movie recommendation: we randomly selected 10% movies and 
held out all their watch records from the dataset, and the remainder 
of 90% movies and their watch records were used for training.

• For each hold‐out test sample in above two testing sets, we randomly 
draw ten noisy samples to test whether the testing methods can rank 
the true sample at a top position out of noisy samples.

©Longbing.Cao
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Comparison Methods

• CENTROID: We create user profiles using the centroid of all word embedding 
vectors from the users' movie stories. Then, we rank recommendations by the 
similarity between the user profile and the controid of word embedding vectors 
of movie story.

• CTR: Collaborative topic regression performs user regression over the latent topic 
distribution of movie stories learned from LDA.

• CWER: Similar to CTR, we create the collaborative word embedding user 
regression (CWER) to perform regression over the centroid word embedding 
vector of each movie story initialized by GloVe embeddings.

• MLAM: This is the full multilevel attraction model proposed in this paper.
• MLAM‐S: This is the single‐modal version MLAM that only has the story attraction 
module.

• MLAM‐C: This is the single‐modal version MLAM that only has the cast attraction 
module.

©Longbing.Cao



www.datasciences.org

Ranking Performance

• Recommendation accuracy on released movies and new movies

©Longbing.Cao
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Recall on Release Movies and New Movies

©Longbing.Cao
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Visualization and Interpretation

Statistical attractiveness on movie Election (1999)w.r.t. sentences, words in the most attractive sentences and cast members. 
The larger size and deeper color of font denote the larger attractiveness weight is assigned.
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Open issues and directions

• More advanced approaches involving Psychology, Neuroscience, Brain 
science, are demanded to precisely model attraction.

• Attraction modeling on more data types as well as text, e.g., 
behaviors, images, videos, audios.

• Attraction is quite subjective, which changes with context
• Incorporating contextual information for modeling context‐aware attraction is 
more preferable

©Longbing.Cao



Behavior Analysis with Recurrent Networks
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Recurrent neural networks
LSTMBasic RNNs

Image sources: 
Wikipedia; http://karpathy.github.io

GRU
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User click sequence – Session‐based recommendation

• The overall framework • Adapting RNNs to RS
Session‐parallel mini‐batch creation

Pairwise ranking loss

orHidasi, B., Karatzoglou, A., Baltrunas, L., & Tikk, D. Session-based 
recommendations with recurrent neural networks. In ICLR. 2016.
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User click sequence ‐ Fraud detection

• The overall framework • Click embedding
• One‐hot encoding
• Item2vec: Item – word, session – sentence 

• Class‐imbalance issue
• Undersampling + cost‐sensitive learning

• Concept drift
• Incremental model updating

Wang, S., Liu, C., Gao, X., Qu, H., & Xu, W. (2017). Session-Based Fraud Detection in Online E-Commerce 
Transactions Using Recurrent Neural Networks. In ECMLPKDD (pp. 241-252). 
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Trajectory data ‐ Human skeleton recognition

• Parts‐based Hierarchical RNNs Bidirectional RNN

Du, Y., Wang, W., & Wang, L. (2015). Hierarchical recurrent neural network for skeleton based action recognition. In CVPR (pp. 1110-1118).
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Human language‐behavior sequence

Yamada, T., Murata, S., Arie, H., & Ogata, T. (2016). Dynamical integration 
of language and behavior in a recurrent neural network for human–robot 
interaction. Frontiers in neurorobotics, 10, 5.
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Behavior Analysis in Visual Data
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Action recognition

Feature 
Extraction

Bag‐of‐feature 
Representation

Action
Classification

Deep Neural Networks
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Some key basic concepts

• Motion ‐> action ‐> activity
• Optical flow

• 2D vectors of motion displacement

©Longbing.Cao
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Some key concepts

• Popular feature descriptors
• Histograms of optic flow (HoF) – absolute motion
• Histograms of oriented gradient (HoG) – appearance 
• Motion boundary histograms (MBH) – relative motion
• Local binary/trinary patterns ‐ motion

©Longbing.Cao
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Space‐time Feature Extraction

• Detect space‐time interest points
• Extract histogram‐based features of space‐time volumes in the 
neighborhood of detected points  100,000 features

• histograms of oriented gradient (HoG) and optic flow (HoF) are respectively used

• Bag‐of‐features representations
• Create a visual feature vocabulary

• K‐means clustering (k=4,000) with the above features
• The cluster centers are used as a visual word
• Each feature is assigned to the closest visual word

• Classification based on the BoF representations
Laptev, I., Marszalek, M., Schmid, C., & Rozenfeld, B. (2008). 
Learning realistic human actions from movies. In CVPR (pp. 1-8).Video text scripts are also exploited 
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Local Pattern‐based Features

• Trinary encoding of every pixel per frame
• local self‐similarities between frames

• Histograms of k frames per time slice
• Classification based on the histograms

Yeffet, L., & Lior W. (2009). Local trinary patterns for human 
action recognition. In CVPR (pp. 492-497).
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From Cuboids to Trajectories

• Densely sampled points of subsequent frames 
are concatenated to form a trajectory :

• 5x5 dense sampling patches
• Trajectory length of 15 (L=15) is used to avoid drifting
• Shape of a trajectory encodes local motion patterns

• Described by displacement vector: 

Wang, H., Kläser, A., Schmid, C., & Liu, C. L. (2011). Action 
recognition by dense trajectories. In CVPR (pp. 3169-3176).
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Action feature learning with deep architectures

Spatiotemporal networks

Multiple stream networks

Deep generative networks

Temporal coherency networks
Herath, S., Harandi, M., & Porikli, F. (2017). Going deeper into 
action recognition: A survey. Image and vision computing, 60, 4-21.
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Spatiotemporal networks ‐ 3D convolutional 
neural networks

2D convolution

3D convolution

Prior knowledge of appearance 
and motion information

Ji, S., Xu, W., Yang, M., & Yu, K. (2013). 3D convolutional neural networks 
for human action recognition. IEEE transactions on pattern analysis and 
machine intelligence, 35(1), 221-231.
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Multiple stream networks

• Two‐stream convolutional networks • Where to fuse the networks?

Simonyan, K., & Zisserman, A. (2014). Two-stream convolutional networks 
for action recognition in videos. In NIPS (pp. 568-576). 2014

Feichtenhofer, C., Pinz, A., & Zisserman, A. (2016). Convolutional two-stream 
network fusion for video action recognition. In CVPR (pp. 1933-1941).
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Deep generative networks ‐ LSTM autoencoder

• Unsupervised learning of video representations

Srivastava, N., Mansimov, E., & 
Salakhudinov, R. (2015). Unsupervised 
learning of video representations using 
lstms. In ICML (pp. 843-852).
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Temporal coherency networks

• Slowness as metric learning

Goroshin, R., Bruna, J., Tompson, J., Eigen, D., & LeCun, Y. (2015). Unsupervised 
learning of spatiotemporally coherent metrics. In ICCV (pp. 4086-4093).
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Behavior Learning from Demonstrations
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Imitation learning

• Learning from demonstrations
• An agent (a learning machine) is 
trained to perform a task from (expert) 
demonstrations by learning a mapping 
between observations and actions

• Learning from experiences

Hussein, A., Gaber, M. M., Elyan, E., & Jayne, C. (2017). Imitation learning: 
A survey of learning methods. ACM Computing Surveys (CSUR), 50(2), 21.

Demonstration set: 𝐷 ൌ ሼ𝑥௜, 𝑦௜ሽ௜ୀଵ
௡

Policy learning: 𝑢 𝑡 ൌ 𝜋ሺ𝑥 𝑡 , 𝑡, 𝛼ሻ

𝐸 ൌ ሼ𝑠௜, 𝑎௜, 𝑟௜, 𝑠௜
ᇱሽ௜ୀଵ

௡
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Key challenges

• Action trajectories violate the IID assumption adopted in most machine 
learning practices

• Noisy and erroneous signals in demonstrations
• Unseen circumstances
• Correspondence/matching between the learner and the teacher
• Computing power and memory limitations in on‐board computers
• Variations in the task and the surroundingenvironment
• …
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Representation learning from demonstrations

• AE‐DMP (Autoencoded Dynamic Movement Primitive)

Chen, N., Bayer, J., Urban, S., & Van Der Smagt, P. (2015). 
Efficient movement representation by embedding dynamic 
movement primitives in deep autoencoders. In IEEE-RAS (pp. 
434-440). 

AE:

DMP:

AE‐DMP
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Representation learning from multi‐modal 
demonstrations

• Robotic handwriting: robots take a  
visual sensor as inputs and output 
an arm motion trajectory, e.g., 
write a letter

Yin, H., Melo, F. S., Billard, A., & Paiva, A. (2017). Associate Latent 
Encodings in Learning from Demonstrations. In AAAI (pp. 3848-3854).

Motion trajectories

Letter 
images

Single‐modal Encoding

Cross‐modal Association

Joint Objective
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One‐shot imitation learning

Duan, Y., Andrychowicz, M., Stadie, B., Ho, O. J., Schneider, J.,... & Zaremba, W. (2017). One-shot imitation learning. In NIPS (pp. 1087-1098). 
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One‐shot imitation learning

Duan, Y., Andrychowicz, M., Stadie, B., Ho, O. J., Schneider, J.,... & Zaremba, W. (2017). One-shot imitation learning. In NIPS (pp. 1087-1098). 
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End‐to‐end learning from experiences

• Deep Q‐learning with experience replay

Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A., Veness, J., Bellemare, M. G., ... & Petersen, S. 
(2015). Human-level control through deep reinforcement learning. Nature, 518(7540), 529.

Experience replay: The agent’s last N experiences at 
each time‐step are stored, from which minibatch 
samples are drawn uniformly to perform Q‐learning 
updates
• More data‐efficient
• Breaks correlation between consecutive samples 

that help reduce variances of the updates

Experiment settings: 
A total of 50 million frames, i.e., around 38 days of 
game experiences
A replay memory of 1 million most recent frames.

A separate output unit for 
each possible action

State: 84x84x4 images Clipped reward: {1, 0, ‐1}

©Longbing.Cao
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Paradigm Shift

Individual 
behavior
dynamics

Individual 
behavior
impact

Occurring
/non‐occurring

sequence 
analysis

Behaviour 
intent

understanding

Group
behavior
impact

Explicit
/implicit 
behavior

interactions

Impact‐oriented:
‐ Positive
‐ Negative
‐ Multi‐level
‐ Mixed
‐ Evolution 

Group 
behaviour 
dynamics

Complex
behavior

management
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• Qualitative behavior analytics
• Quantitative behavior analytics
• Integrated behavior analytics

• Open issues:
e.g., behavior reasoning, 

behavior learning, behavior 
evaluation, behavior integration at 
individual but more on group levels.

Modeling and Analysis of Complex Behaviors

©Longbing.Cao
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Behavior 
Representation

Behavior 
Learning

Behavior 
Reasoning

Behavior 
Verification

Behavior 
Evaluation

Behavior 
Integration

Behavior 
Algebra

Individual Collective

Modeling and Analysis of Complex Behaviors
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Behavior Informatics – a big area

Individual and Collective/Group Activity/Behavior-related Data, Problems, Applications & Areas

Behavior 
Pattern 
Analysis

Behavioral Data

Behavior Measurement, Evaluation & Refinement

Source Data

Behavior Detection, Prediction, 
Recommendation, Prevention, & Intervention

Behavior Extraction, 
Presentation & Management

Behavior 
Representation

Behavior 
Aggregation

Behavior 
Model 

Checking
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Analysis
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Behavior 
Reasoning

Behavior 
Intent 

Learning

Behavior 
Simulation 
Imitation

Contextual
Behavior 
Analysis

Behavior 
Management

Behavioral Effect
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Individual Behaviour Learning

• Behaviour intent learning
• Non‐occurring sequence/behaviour analysis
• Multiple behaviours/sequences coupled with complex interactions
• Behaviour impact learning
• Behaviour utility learning
• Early prediction of high impact/utility behaviours
• Next‐best action prediction
• …

©Longbing.Cao
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Group‐oriented Behaviour Analytics

• Group behaviour intent learning
• Coupled group behaviour sequence modelling and analysis
• Explicit and implicit behaviour couplings in collective behaviours
• Heterogeneous behaviour analysis
• Social influence/impact modelling and analysis
• Individual and group behaviour evolution (e.g., divergence vs. 
convergence of group behaviors)

• Intervention of individual/group behaviours in groups
• …
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Non‐IID Behaviour Analytics

Non‐IID Learning, KDD2017 
Tutorial: 
www.datasciences.org

• Individual/group behaviours are non‐IID, with varied and hierarchical 
couplings and heterogeneities between behaviours and between actors

Cao, L. (2014). Non‐IIDness Learning in Behavioral and Social Data. The 
Computer Journal, 57(9), 1358‐1370. 
Cao, L., Ou, Y., Yu, P.S. Coupled Behavior Analysis with 
Applications, IEEE Transactions on Knowledge and Data Engineering, 
24 (8): 1378‐1392, 2012
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It is very challenging to extract and list all references related to comprehensive 
behavior analysis, here we mainly list references related to ‘hard’ behavior 
analytics (i.e., action, activity and their sequences‐centric). There are much more 
papers address the ‘soft’ behavior perspectives.
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