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Motivation for graphs on DB
• Data anyways in a DB 

- avoid expensive copying 
- end-to-end data analysis 
- leverage other DB features

• Processing involves full scans and joins 
- relational engines could run them efficiently 
- particularly suited for column stores

• Relational algebra/SQL offers powerful declarative syntax 
- in fact, we could express Giraph as an operator DAG 
- can even express more complex graph analytics



5-point Agenda
• From graph queries to SQL: how do we make the 

translation?

• Graph query optimization: can we leverage decades 
of relational wisdom?

• Column store backends: why are they a good choice?

• Comparison with specialized graph systems: how 
do the numbers look?

• Extending column stores: can we do better?



1. From Graph to SQL
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• Popular language for graph 
analytics

• Vertex programs that run in 
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• Popular language for graph 
analytics

• Vertex programs that run in 
supersets and communicate via 
message passing

• Programmer only specifies a vertex 
program

• System takes care of running it in 
parallel
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The Giraph Plan

• Giraph: a popular, open-source 
graph analytics system on Hadoop

• The Giraph physical plan: hard 
coded physical execution pipeline

• Giraph logical query plan using 
relational operators
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2. Graph Query 
Optimization



Leveraging Relational Query 
Optimizers

• Multiple rule- or cost-based query rewriting 
possible; pick the best one using an optimizer

• No hard-coded physical execution plan

• Several new optimizations proposed:  
- update vs replace 
- incremental evaluation  
- join elimination  
- alternate direction graph exploration
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Outer Join Replace
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3. Column Store 
Backends



Why columns stores could 
be a good choice?

• Modern column stores provide several features 
- physical design 
- join optimizations 
- query pipelining 
- intra-query parallelism

• For more details, pick your favorite column store papers: 
- MonetDB 
   [Database Architecture Evolution: Mammals Flourished long before Dinosaurs became Extinct, Peter 
A. Boncz et. al., PVLDB 2009.]  
 

- C-Store 
   [C-Store: A Column-oriented DBMS, Mike Stonebraker et. al., VLDB 2005.]  
 

- Vertica 
   [The Vertica Analytic Database: C-Store 7 Years Later, Andrew Lamb et. al., VLDB 2012.]



Illustration: Vertica 
Query Plan for SSSP

• Early filtering using 
sideways information 
passing

• Fully pipelined query 
execution

• Picks the right join 
strategies,  
e.g. broadcast

BASE QUERY PLAN
Query: explain SELECT e.to_node AS id, min(n1.value+1) AS value

        FROM twitter_node AS n1, twitter_edge AS e, twitter_node AS n2
        WHERE n1.id=e.from_node AND n2.id=e.to_node

        GROUP BY e.to_node
HAVING min(n1.value+1) < min(n2.value);

All Nodes Vector: 

  node[0]=node0 (initiator) Up
  node[1]=node1 (executor) Up
  node[2]=node2 (executor) Up
  node[3]=node3 (executor) Up

Root 
OutBlk=[UncTuple(2)]

NewEENode 
OutBlk=[UncTuple(2)]

ExprEval: e.to_node, <SVAR>

Recv from: node0,node1,node2,node3

Send to: node0

FilterStep: (<SVAR> < <SVAR>)

GroupByPipe: 1 keys
Aggs: min((n1.value + 1)), min(n2.value)

StorageMergeStep: twitter_edge; 1 sorted

GroupByPipe: 1 keys
Aggs: min((n1.value + 1)), min(n2.value)

ExprEval: 
  e.to_node, (n1.value + 1), n2.value

Join: Merge-Join: 
using previous join and twitter_node_b0

Join: Hash-Join: 
using twitter_edge and twitter_node_b0

ScanStep: twitter_edge
SIP2(HashJoin): e.from_node
SIP1(MergeJoin): e.to_node

to_node (not emitted),from_node
Recv from: node0,node1,node2,node3

Send to: node0,node1,node2,node3

StorageUnionStep: twitter_node_b0

ScanStep: twitter_node_b0
id, value

StorageMergeStep: twitter_node_b0; 1 sorted

ScanStep: twitter_node_b0
id, value



4. Comparison with 
Specialized Graph Systems



Setup
• Systems: 

- Vertica 
- Giraph 
- GraphLab

• Datasets: 
- directed (Twitter, LiveJournal) 
- undirected (Youtube, LiveJournal)

• Machines 
- 4 machines (12 cores, 48GB memory, 1.4TB disk)

• Data preparation 
- upload time [Vertica: 916s; GraphLab: 472s; Giraph: 268s] 
- disk usage [Vertica: 10GB; GraphLab/Giraph: 73GB]
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Advanced Graph Analytics
• Mixing graph and relational queries  
 
 
 

• Multi-hop neighborhood queries
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Fig. 11. Improving I/O Performance in Vertica with In-memory Graph Analysis.

Query Dataset Vertica Giraph SpeedUp

Sub-graph Projection & Selection PR 55.6 954.6 17.2
SSSP 101.3 405.5 4.0

Graph Analysis Aggregation PR 643.9 1089.7 1.7
SSSP 279.8 349.9 1.3

Graph Joins PR+SSSP 927.0 1435.9 1.5

TABLE III. COMBINING GRAPH AND RELATIONAL ANALYSIS.

those nodes which are either very near (path distance less than
a given threshold) or are relatively very important (PageRank
greater than a given threshold). We compare against Giraph,
which allows users to provide custom input/output formats that
could be used to perform the projection and selection. We
write additional MapReduce jobs for the aggregation and join.
Table III shows the result on the Twitter dataset over 4 nodes.

We can see that the performance difference between Vertica
and Giraph is much higher now. For example, Vertica is 17
times faster on PageRank and 4 times faster on SSSP, as
compared to 1.6 and 1.08 earlier, when combining these anal-
ysis with sub-graph selection. Performance on Vertica could
be further improved by creating sort orders on the selection
attributes. These massive performance differences are because
Vertica is highly optimized to perform selections and exploit
late materialization to access the remaining attributes of only
the qualifying records. In contrast, Giraph incurs a complete
sequential scan of data and cannot exploit the fact that part
of the analysis is relational in nature. Rather, developers are
required to stitch Giraph programs with programs in another
data processing engine such as Hadoop MapReduce or Spark.
Similar results are obtained on aggregation and join queries.

E. Beyond Vertex-centric Analyses

Let us now look at more advanced graph analytics. Con-
sider the following two 1-hop neighborhood graph queries.

(i) Strong Overlap. Find all pairs of nodes having a large
number of common neighbors, between them (overlap). We
could also extend the algorithm to include other definitions
of overlap. Such an analysis to find the strongly overlapping
nodes in a graph could be useful in detecting similar entities.
To implement such a query using SQL we do a self-join on
the edge table followed by a group by on the two leaf nodes
and a count of the number of common neighbors between
them. Finally, all those pairs of nodes which have less than
the threshold number of common neighbors are filtered.
SELECT e1.from_node as n1,e2.from_node as n2, count(*)
FROM edge e1
JOIN edge e2 ON e1.to_node=e2.to_node
AND e1.from_node<e2.from_node
GROUP BY e1.from_node,e2.from_node
HAVING count(*) > THRESHOLD

(ii) Weak Ties. Find all nodes that act as a bridge (weak ties)
between a threshold number of otherwise disconnected node-

Query Dataset Vertica Giraph

Strong Overlap Youtube 259.56 230.01
LiveJournal-undir 381.05 out of memory

Weak Ties Youtube 746.14 out of memory
LiveJournal-undir 1,475.99 out of memory

TABLE IV. 1-HOP NEIGHBORHOOD ANALYSIS.

pairs. This is a slightly more complicated query because we
need to test for disconnection between node pairs. Using SQL,
this could be implemented as a three-way join, with the second
join being a left join, and counting all cases when the third
edge does not exist.
SELECT e1.to_node AS Id,
sum(CASE WHEN e3.to_node IS NULL THEN 1 ELSE 0 END)/2 AS C
FROM edge e1
JOIN edge e2 ON e1.to_node=e2.from_node
AND e1.from_node<>e2.to_node
LEFT JOIN edge e3 ON e2.to_node=e3.from_node
AND e1.from_node=e3.to_node
GROUP BY e1.to_node
HAVING C > THRESHOLD

While the above queries are straightforward to implement
and run on Vertica, they are tedious to implement in vertex-
centric graph processing systems. For instance, in Giraph, each
vertex needs to broadcast its neighborhood in the first superstep
in order to access the 1-hop neighborhood. Thereafter, we
perform the actual analysis in the subsequent supersteps.
Unfortunately, this results in replicating the graph several times
in memory. As an optimization in Giraph, we can reduce
the number of messages by sending messages only to those
neighbors with a higher node id. In addition, we can reduce the
size of messages by sending only the ids which are smaller than
the id of the receiving vertex. Still, passing neighborhoods as
messages is not natural in the vertex-centric model and incurs
the overhead of serializing and deserializing the nodes ids.

Table IV shows the performance of Vertica and Giraph over
the two 1-hop neighborhood analyses running on 4 nodes. We
can see that Giraph runs out of memory when scaling to larger
graphs (even after allocating 12GB to each of the 4 workers
on each of the 4 nodes). This is because the graphs are quite
dense and sending the entire 1-hop neighborhood results in
memory usage proportion to the graph size times the average
out-degree of a node. Vertica, on the other hand, does not
suffer from such issues and works for larger graphs as well.

VI. LESSONS LEARNED & CONCLUSION

This paper demonstrates that efficient and scalable graph
analytics is possible within Vertica relational database system.
We implemented a variety of graph analyses on Vertica as
well as two popular vertex-centric graph analytics system. Our
results show that Vertica has comparable end-to-end runtime
performance, without requiring the use of a purpose-built graph
engine. In summary, there are three key takeaways from our
analysis and evaluation in this paper.
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Fig. 11. Improving I/O Performance in Vertica with In-memory Graph Analysis.

Query Type Vertica Giraph SpeedUp

Sub-graph Projection & Selection PR 55.6 954.6 17.2
SSSP 101.3 405.5 4.0

Graph Analysis Aggregation PR 643.9 1089.7 1.7
SSSP 279.8 349.9 1.3

Graph Joins PR+SSSP 927.0 1435.9 1.5

TABLE III. COMBINING GRAPH AND RELATIONAL ANALYSIS.

those nodes which are either very near (path distance less than
a given threshold) or are relatively very important (PageRank
greater than a given threshold). We compare against Giraph,
which allows users to provide custom input/output formats that
could be used to perform the projection and selection. We
write additional MapReduce jobs for the aggregation and join.
Table III shows the result on the Twitter dataset over 4 nodes.

We can see that the performance difference between Vertica
and Giraph is much higher now. For example, Vertica is 17
times faster on PageRank and 4 times faster on SSSP, as
compared to 1.6 and 1.08 earlier, when combining these anal-
ysis with sub-graph selection. Performance on Vertica could
be further improved by creating sort orders on the selection
attributes. These massive performance differences are because
Vertica is highly optimized to perform selections and exploit
late materialization to access the remaining attributes of only
the qualifying records. In contrast, Giraph incurs a complete
sequential scan of data and cannot exploit the fact that part
of the analysis is relational in nature. Rather, developers are
required to stitch Giraph programs with programs in another
data processing engine such as Hadoop MapReduce or Spark.
Similar results are obtained on aggregation and join queries.

E. Beyond Vertex-centric Analyses

Let us now look at more advanced graph analytics. Con-
sider the following two 1-hop neighborhood graph queries.

(i) Strong Overlap. Find all pairs of nodes having a large
number of common neighbors, between them (overlap). We
could also extend the algorithm to include other definitions
of overlap. Such an analysis to find the strongly overlapping
nodes in a graph could be useful in detecting similar entities.
To implement such a query using SQL we do a self-join on
the edge table followed by a group by on the two leaf nodes
and a count of the number of common neighbors between
them. Finally, all those pairs of nodes which have less than
the threshold number of common neighbors are filtered.
SELECT e1.from_node as n1,e2.from_node as n2, count(*)
FROM edge e1
JOIN edge e2 ON e1.to_node=e2.to_node
AND e1.from_node<e2.from_node
GROUP BY e1.from_node,e2.from_node
HAVING count(*) > THRESHOLD

(ii) Weak Ties. Find all nodes that act as a bridge (weak ties)
between a threshold number of otherwise disconnected node-

Query Dataset Vertica Giraph

Strong Overlap Youtube 259.56 230.01
LiveJournal-undir 381.05 out of memory

Weak Ties Youtube 746.14 out of memory
LiveJournal-undir 1,475.99 out of memory

TABLE IV. 1-HOP NEIGHBORHOOD ANALYSIS.

pairs. This is a slightly more complicated query because we
need to test for disconnection between node pairs. Using SQL,
this could be implemented as a three-way join, with the second
join being a left join, and counting all cases when the third
edge does not exist.
SELECT e1.to_node AS Id,
sum(CASE WHEN e3.to_node IS NULL THEN 1 ELSE 0 END)/2 AS C
FROM edge e1
JOIN edge e2 ON e1.to_node=e2.from_node
AND e1.from_node<>e2.to_node
LEFT JOIN edge e3 ON e2.to_node=e3.from_node
AND e1.from_node=e3.to_node
GROUP BY e1.to_node
HAVING C > THRESHOLD

While the above queries are straightforward to implement
and run on Vertica, they are tedious to implement in vertex-
centric graph processing systems. For instance, in Giraph, each
vertex needs to broadcast its neighborhood in the first superstep
in order to access the 1-hop neighborhood. Thereafter, we
perform the actual analysis in the subsequent supersteps.
Unfortunately, this results in replicating the graph several times
in memory. As an optimization in Giraph, we can reduce
the number of messages by sending messages only to those
neighbors with a higher node id. In addition, we can reduce the
size of messages by sending only the ids which are smaller than
the id of the receiving vertex. Still, passing neighborhoods as
messages is not natural in the vertex-centric model and incurs
the overhead of serializing and deserializing the nodes ids.

Table IV shows the performance of Vertica and Giraph over
the two 1-hop neighborhood analyses running on 4 nodes. We
can see that Giraph runs out of memory when scaling to larger
graphs (even after allocating 12GB to each of the 4 workers
on each of the 4 nodes). This is because the graphs are quite
dense and sending the entire 1-hop neighborhood results in
memory usage proportion to the graph size times the average
out-degree of a node. Vertica, on the other hand, does not
suffer from such issues and works for larger graphs as well.

VI. LESSONS LEARNED & CONCLUSION

This paper demonstrates that efficient and scalable graph
analytics is possible within Vertica relational database system.
We implemented a variety of graph analyses on Vertica as
well as two popular vertex-centric graph analytics system. Our
results show that Vertica has comparable end-to-end runtime
performance, without requiring the use of a purpose-built graph
engine. In summary, there are three key takeaways from our
analysis and evaluation in this paper.

Twitter graph with synthetic metadata



Detailed Analysis: Cost Breakdown
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Detailed Analysis: Memory Footprint
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Problem: significantly high I/O
Can we do better?



5. Extending Column 
Stores



Rewriting Graph Query Plan 
(Yet again!)

Hash-based shuffling  
No sorting, as 
opposed to Hadoop 
Intermediate data is 
not persisted

1 2 3Giraph logical 
query plan

vertexCompute UDF 
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Replacing join 
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1 Disk-based Iterations 2 In-Memory Iterations



Trading Memory for I/O

Hash-based shuffling  
No sorting, as 
opposed to Hadoop 
Intermediate data is 
not persisted

1 2 3Giraph logical 
query plan

vertexCompute UDF 
as Table UDF

Replacing join 
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1 Disk-based Iterations 2 In-Memory Iterations

• Loading and keeping data in main-
memory — no additional I/Os for each 
iteration

• All iterations run as a single 
transaction — reduce overheads such 
as logging, locking, buffer lookups

• Unmodified vertex-program run via 
table UDFs

• Communication (message passing) 
via shared memory



Comparing Different 
Implementations in Vertica

Twitter-small dataset
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GraphLab and Vertica (LiveJournal graph)

PR SSSP CC PR SSSP CC

Load/Store Time
Algorithm Time

SM ScaleUp (SSSP)

Load/
Store 
Time

Algorit
hm 
Time

GraphLab (4 nodes) 366.607 25.5

Giraph (4 nodes) 161.79 101.46

Vertica (SQL, 4 nodes) 0.00000 277.025

Vertica (UDF, 1 node) 290.923 44.207

Ti
m

e 
(s

ec
on

ds
)

0

100

200

300

400

500

(c) Scaling and comparing Vertica in-
memory on Twitter graph (SSSP)

GraphLab  
4 nodes

Giraph  
4 nodes

Vertica (SQL) 
4 nodes

Vertica (Mem) 
1 node

Load/Store Time
Algorithm Time

0

100

200

300

400

Load/Store Time Algorithm Time

GraphLab (4 nodes) Giraph (4 nodes) Vertica (SQL, 4 nodes)
Vertica (UDF, 1 node)

LiveJournal dataset

Vertica 
(UDF)

Vertica 
(SQL)

Vertica (UDF, 
Shared Memory)

PageRank 1072.330000000000098.0000000000000029.62900000000000

Shortest Path 146.290000 54.4200000000000016.49800000000000

GraphLab

Vertica

�1
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Comparison with GraphLab
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Scaling to larger graphs

Twitter-small dataset
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(b) Comparing in-memory computation in 
GraphLab and Vertica (LiveJournal graph)
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Conclusion
• Efficient graph analytics possible within column stores such 

as Vertica 
- graph queries can be mapped to SQL  
- several query optimizations can be applied  
- column stores serve as efficient backends  
- could extend column stores to trade memory for I/O

• The curious case of relational database re-discovery  
- repeatedly emerged as the backend for several new data/
applications, e.g., XML, RDF, Spatial, Array, etc.  
- cycles of branch-innovate-merge-commit

• Next time you have a big data problem —> try relational 
databases!


