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User 
Study

Optimization Execution Storage

I aim to design and implement data systems capable of

efficient graph data management.
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Internet / WebSocial Networks Trade & Financial 
Connections
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Relationships between entities are central to data analysis
&

Structure of the relationships provides insight
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Social Networks Payment Services

WTF: The Who to Follow Service at Twitter. Gupta et al. WWW 2013.

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=0EWw1z8AAAAJ&citation_for_view=0EWw1z8AAAAJ:u-coK7KVo8oC
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Bank

Merchant

loan

Real-time Constrained Cycle Detection in Large Dynamic Graphs. Qiu et al. VLDB 2018.
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Real-time Constrained Cycle Detection in Large Dynamic Graphs. Qiu et al. VLDB 2018.
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Objectives
What kind of graph data, computations, software, and major challenges industry users have?



Graph Usage Study
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Some Major Findings
1. Graphs are very large!
2. Scalability is the most pressing challenge!
3. ML on graphs is very popular (> 85% of respondents have ML workloads)!

Objectives
What kind of graph data, computations, software, and major challenges industry users have?
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Property Graph Data Model Relational Model

Relational algebra primitives!

→ Emphasis on workload i.e., queries and dataset characteristics.
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1.  Highly Connected data:

Lots of many-to-many relationships (N-to-M cardinality) !!

2.  Structured-based Queries:

Queries enumerate graph patterns (complex many-to-many joins)
/w filtering and aggregations.



Workload Characteristics

23
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1.  Highly Connected data:
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Highly Connected Dataset Structure-based Queries
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Colloquially called “graph workloads” aka Querying
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Highly Connected Dataset Structure-based Queries
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Interest in performance issues. 

Challenging workload due to complex many-to-many joins

→ Existing data systems come short.

Colloquially called “graph workloads” aka Querying
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On a financial network, find the accounts whose transactions 
are facilitated by user with account ID N?

src dst amount date

Transactions
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Analytical RDBMSs do not 
optimize for graph workloads

New graph DBMSs (GDBMSs) 
optimize for graph workloads

High-level Research Question - How should Database Management Systems 

(DBMSs) be architected to optimize for analytical graph workloads?
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Query in Declarative Language e.g., SQL, Cypher, etc.
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Executor

Storage
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User 
Study

Optimization Execution Storage

Novel Join Algorithms 
VLDB 2019, TODS 2021

Compressed Representations
VLDB 2021
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Insights

1. Use novel join algorithms to remove unnecessary intermediate results!

2. Use compression to reduce the size of necessary intermediate results!

Traditional Joins are 
suboptimal!

Novel Join Algorithms 
correct the suboptimality

Large results part of the 
final output

Contain a lot of 
redundancy → compression

Cyclic Pattern / Join Query
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→ Factorized Representations
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● Novel Join Algorithms
→ Worst-case Optimal Joins

● Compressed Representations
→ Factorized Representations
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Impact of JAO:
1) Number of intermediate results
2) Direction of Adj. Lists Intersected

→ Account for impact in cost model
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.

c

ba

ba

Plan1
[a,b,c]

Output
(a,b,c)’s

Within an operator, consider each tuple’s adj lists

Qk

 Qk-1

t = (a,b)

(0, 1)

(0, 2)

(1, 5)

...



Cost Metric - Intersection Cost

175

Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.

1) number of
intermediate results 
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.

1) number of
intermediate results 

2) size of adj. lists  
   dir. of adj. lists
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Cost of a WCOJ plan is total intersection-cost of all operators.
I-cost: size of intersected adj lists throughout execution.

1) number of
intermediate results 

I-Cost captures both effects!
Estimated using a sampling based approach. 

2) size of adj. lists  
   dir. of adj. lists
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Subgraph Queries: 14 queries

Dataset Domains: social networks, web, product co-purchasing

Differ in several structural properties:

(1) size
(2) how skewed their adjacency lists distribution is
(3) average clustering coefficients
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1. Plan Space

2. Cost Model (I-Cost)

3. Cardinality estimator

WCOJ Adoption
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● Novel Join Algorithms
→ Worst-case Optimal Joins

● Compressed Representations
→ Factorized Representations
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Join Attribute Ordering (JAO): [b,a,c]
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( b,  a,  c)
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( b,  a,  c)
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( n,  0, ...)

( n,  0, 2n)

( n,  1, n+1)
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a b c
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( b,  a,  c)
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( n,  0, ...)
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( n,  1, 2n)
       ...
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( n,  0, ...)
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( n,  1, 2n)
       ...
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n+2
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n
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0



Flat Representation Example

214

n tuples

( b,  a,  c)

( n,  0, n+1)

( n,  0, ...)

( n,  0, 2n)

( n,  1, n+1)

( n,  1, ...)

( n,  1, 2n)
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( n, n-1,  ...)
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1
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n2 tuples

( b,  a,  c)

( n,  0, n+1)

( n,  0, ...)

( n,  0, 2n)

( n,  1, n+1)
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       ...
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n2 tuples

( b,  a,  c)

( n,  0, n+1)

( n,  0, ...)

( n,  0, 2n)

( n,  1, n+1)

( n,  1, ...)
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       ...
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( n, n-1,  ...)
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1
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n
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0

a and c are
conditionally independent on b!!
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n
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a c
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n
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n

x x

         2n+1 fields
vs.

3n2 fields (flat)

{n+1 , n+2 , … , 2n}{0 , 1 , … , n-1}
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a b c

...

n-1

1

n+1

n+2

2n

n
...

0

n

x x

         2n+1 fields
vs.

3n2 fields (flat)

{n+1 , n+2 , … , 2n}{0 , 1 , … , n-1}

f-tree
f-representation b

a c
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a b c

...

n-1

1

n+1

n+2

2n

n
...

0

n

x x

         2n+1 fields
vs.

3n2 fields (flat)

Theory of factorization:

         σ(Q) ≤ AGM(Q)
where
σ(Q): worst-case size bound
      over f-representations.

In some cases,

        σ(Q) <  AGM(Q)

{n+1 , n+2 , … , 2n}{0 , 1 , … , n-1}

f-tree
f-representation b

a c
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VLDB 2021
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