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Data as Relations
• Motivation

– Non-relational learning methods 
often require homogeneous 
data

– Relations in heterogeneous 
data are often unexplored

• Attributes for individual objects: 
author-affiliation

• Intra-Relations between 
homogeneous data: paper-
cited paper

• Inter-Relations between 
heterogeneous data: author-
paper

• Objective
– Clustering relational data

author

affiliationpaper

cited paper

• Challenges
– Relational clustering: design 

similarity measures for different 
objects

– Important relation selection: not all 
relations are helpful for clustering, 
how to select interesting relations
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Computer-Generated Data
• Objective

– Distinguishing whether a piece of 
digital data is a depiction of real-
life occurrences or a synthetically 
generated one

• Characteristics
– Data acquisition with sensors is 

fundamentally different from the 
generative algorithms deployed by 
computer-generated data

– Data from a given sensor exhibit a 
unique stochastic characteristic 
due to the pattern noise 
introduced

• Methods
– Verifying and evaluating the data 

statistics that are inherent to real-
life sceneries

– Identifying signatures to detect 
traces of certain types of 
operations used in computer data 
generation processes

– Learning classifiers from features 
extracted from data samples and 
using them to differentiate 
between the two types of data

• Applications
– Verifying the integrity and 

authenticity of multimedia data 
and data collected from sensors

– Data forensics
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Uncertain data
• An uncertain datum is one that 

represents multiple possible instance, 
each one  corresponds to a single 
possible state.

• Causes
– The semantic mappings between 

the data sources and the 
mediated schema may be 
inappropriate.

– Transformation between keyword 
queries and a set of candidate 
structured queries is a second 
source of uncertainty.

– Data are often extracted from 
unstructured sources using 
information extraction techniques, 
and these techniques are 
inappropriate.

• Methods
– Modeling tuples and semantic 

mappings with probabilities 
associated with them. 

SunnyvaleSunnyvaleBob

SunnyvaleMountain ViewAlice

Current-addrpermanent-addrpname

– Querying with lineage and uncertainty 
together presents computational 
benefits than treating them separately.

– Using several kinds of probabilistic 
information to rank the multiple 
information sources.

• Applications
– Integrating inconsistent data sources
– Query answering in probabilistic 

databases

Home-addressname

0.7M2={(pname=name),(Currentt-addr=    
home-address)}

0.3M1={(pname=name),(permanent-addr=    
home-address)}

Current-addrPossible Mapping

•Table:  a source instance S, a mediated schema T 
and a probabilistic schema mapping between S and T
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Incomplete Data
• An incomplete datum indicates that 

fields of some attributes are empty.
• causes

– Incomplete Entry: some data are 
often populated by lazy individuals 
without any central curation.

– Inaccurate Extraction: some data 
are being populated using 
automated information extraction 
techniques. As a result of the 
inherent imperfection of these 
extractions, many data may 
contain missing values.

– User-defined data: Another type of 
incompleteness occures in the 
context of some applications 
which allow users significant 
freedom to define and list their 
own attributes.

• Methods
– Modifying the data directly by 

replacing null valuse with likely 
valuses.

– Returning all the certain answers, 
and all the tuples with missing 
values on the constrained 
attriubute(s).

– First retriving all the tuples with 
null values on the constrained 
attributes, predicting their missing 
values, and then deciding the set 
of relevant query answers to show 
to the users.

– Rewritten queries according to a 
set of mined attriubte correlation 
rules, these methods are able to 
retrieve possible answers without 
binding null values or modifying 
data.

• Applications
– Querying over Incomplete 

Databases
– Supervised learning from 

incompleted data
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Untraditional Data
• Data Types

– blogs, forums, emails, message boards
• Characteristics

– Multiple authorship
– Noisy
– Semi-structured

• Challenges
– Data quality: how to effectively preprocess data to reduce noise; how to 

extract the real content from semi-structured data automatically
– Large scale: much of these data are not completed indexed by the

search engine, some of them hidden. How to handle the large amount 
of data efficiently

– Modeling: is the traditional vector space model appropriate? 
• Tasks involved

– Data cleaning
– Data clustering
– Social community mining
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Workflow-like Data
• Motivation

Unlike traditional data types, workflow-like 
data such as recipes have their distinct 
characteristics which make most (if not all) 
of the conventional data models 
unsuitable/inapplicable for such data:

– Loosely structured: they are usually 
semi-/loosely- structured data, with 
various levels of details and granularities. 
Some are more detailed/ wordy than 
others.

– Behavior oriented: they are not only 
data-intensive, but also behavior oriented, 
(eg, the main part of a recipe is about the 
procedure to follow in cooking a dish). 

– Constraints bound: they are usually 
also bound by various constraints which 
are applicable to either individual actions 
or a sequence of actions. 

• Objectives
– Mining the cooking skills (patterns) of 

different recipes from different regions

• Challenges
– data representation: directed 

cooking graph
– data clustering: need new 

similarity measures for different 
interests/emphasis

Chicken Thighs 250 g
Scallions 10 g

Sesame Paste 2 tsp.
Sugar 1 tsp.

Soybean Sauce 2 tsp.
Sesame Oil ½ tsp.

… ...

1. Use chicken thighs 
and cut away skin and fat
2. Poach the chicken. 
Drain and cool. 
3. Mix the sesame paste, 
sugar, soybean sauce 
and sesame oil
4. Cub the chicken lightly 
till soft and shred. Put to 
a plate.
5. Put shredded scallion 
around the chicken and 
pour the sauce over the 
chicken.

… ...
Users’ Rating 

and Comments

Region-->Sichuan
Cooking Method-->Poached

Ingredient-->Chicken

Bang Bang 
Chicken



Workflow-like Data

• Data modeling

• Data representation
RS0: <P, ‘marinate’, 
‘heat’>
RS1: <P, ‘mix’, ‘oil’>
RS2: <F, null, ‘marinate’>
RS3: <F, null, ‘mix’>
RS4: <F, null, ‘oil’>
RS5: <F, ‘oil’, ‘heat’>
RS6: <F, ‘heat’, ‘deep-fry’>
RS7: <F, ‘deep-fry’, 
‘remove’>

RS8: <P, ‘mix’, ‘heat’>
RS9: <P, ‘remove’, ‘oil’>
RS10: <P, ‘remove’, 
‘boil’>
RS11: <S, ‘heat’, ‘stir’>
RS3: <F, null, ‘mix’>
RS12: <F, null, 
‘remove’>
RS4: <F, null, ‘oil’>
RS5: <F, ‘oil’, ‘heat’>
RS13: <F, ‘heat’, ‘stir’>
RS14: <F, ‘stir’, ‘boil’>
RS15: <F, ‘boil’, ‘stir’> 



Workflow-like Data
• Data Clustering

– new similarity measures
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• Cooking Graph Indexing
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• Sample prototype
RecipeView screenshot: the target 
recipe (left window) with its most 
similar recipe (right window), and 
other top 10 similar recipes (shown 
on the right column)
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