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Uncertainty in Real Systems
Sensor Networks
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State of the Art – Probabilistic Data 
Management

• Machine Learning Research
– Decision Tree, CRF Model
– Bayesian Network
– Probabilistic Relational Model



Machine Learning Approach
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Inference, Classification,
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State of the Art – Probabilistic Data 
Management

• Machine Learning Research
– Bayesian Network, Markov Network
– Probabilistic Relational Model
– Markov Network Model

• Probabilistic/Uncertain Database Research
– MystiQ System [Dalvi&Suciu04]
– Trio System [Wid05, Das06] 
– MauveDB [D&M, 2006]
– MayBMS [ICDE07]



BayesStore Data Model
1. Incomplete Relation -- Rp

2. Distribution over Possible Worlds – F
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Incomplete Relation of 
Sensor1p

F = Pr [X1, …, X7 ] 

N: number of missing values
|X|: size of the domain

|F| = Θ(|X|N)
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The Skyscrapers Example
For all sensor in all rooms at all timestamp, Light and Temperature 

readings are correlated.

TemperatureLight



Definitions
Stripe: A family of random variables from 
the same probabilistic attribute.

First-order Factor: A family of local models, 
which share the same structure and 
conditional probability table(CPT).

BayesStore Data Type: The input and 
output abstract data type of queries in 
BayesStore, which consists of data and 
model.

Possible Worlds



F as a First-order Bayesian Network (I)
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Stripe (FO Variable) Definitions

All Tp values in Sensor1p

with Sid=1



F as a First-order Bayesian Network (I)
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F as a First-order Bayesian Model
Mapping between Stripes
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with Sid=1
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F as a First-order Bayesian Model
First-order Factor Definitions
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Query Semantics
Relational and 
Inference Queries

Represent Represent

<Rp,FFOBN> Resulting
<Rp,FFOBN>

Possible Worlds
And Distribution

Relational and 
Inference Queries
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Query Algebra

Relational
Queries

Full Distribution
Queries

ML Inference
Queries



Selection
• Selection over Incomplete Relation Rp

• Selection over Model MFOBN
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Selection
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• Selection over Incomplete Relation Rp

• Selection over Model MFOBN
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Tuple Correlation Graph (TCG)
for FFOBN (Sensor1)

t1 t2

t4 t5

t3

t6

X1Hot111

X7X6321

X5

Brt

X3

Drk

Lp

Hot221

X4121

X2311

Cold211

TppSidRT

t2

t3

t4

t5

t6

Compute Transitive 
Closure over TCG

t1



Selection
• Selection over Incomplete Relation Rp

• Selection over Model MFOBN
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Selection
• Selection over Incomplete Relation Rp

• Selection over Model MFOBN
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Project & Join
• Project

– Project over Incomplete Relation – projected attributes 
and correlated attributes 

– Project over Model – retrieve only part of the model relevant 
to the projected attributes

• Join 
– Join over Incomplete Relations with deterministic join 

condition (e.g. Sensor1.Sid = Sensor2.Sid)
– Join over Models by merging the local models for 

Existp attribute
– Probabilistic selection with probabilistic join condition 

(e.g. Sensor1.Lightp = Sensor2.Lightp)



Optimizations (I)
• Selection over Incomplete Relation Rp

• BayesBall Algorithm
• Model based Filtering
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Grounded Bayesian Network (GBN)
for FFOBN (Sensor1)
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Optimizations (II)
• Selection over Incomplete Relation Rp

• BayesBall Algorithm
• Model based Filtering

• Simple First-order Inference Technique
• Sharing
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Evaluation – Selection Algorithms
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Evaluation – Inference Algorithms

First-order model enables the first-order inference optimizations.  

Execution Time
SELECT * FROM Sensor WHERE L='Dark' INFER joint-distr
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Current and Future Work

• First-order Inference & Model Learning
• Full System Implementation
• Aggregation Operators
• Query Optimizations 
• Lineage Compression
• API Design

Questions?


