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Streaming Graph Systems

● Dynamic graph data structure to support graph analytics applications
○ social networks, machine learning, bioinformatics
○ algorithms such as PageRank, BFS, connected components

● Graph updates arrive in batches to update state. Then analytics performed.
● Components of Design

○ Efficient support for graph algorithms (graph analytics)
○ Efficient support for graph updates
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Streaming Graph Systems

● Dynamic graph data structure to support graph analytics applications
○ social networks, machine learning, bioinformatics
○ algorithms such as PageRank, BFS, connected components

● Components of Design
○ Efficient support for graph algorithms (graph analytics)

■ Necessitates quick access to neighbors of a vertex
■ Ordered vertex neighbors. Why?

● Many graph algorithms rely on ordered neighbors for low computational complexity
○ Exploits cache locality for fewer memory lookups when sequentially scanning 

neighbors
○ Efficient set operations (intersection checks, perform merges, etc).

○ Efficient support for graph updates
● THEREFORE: updates must efficiently maintain order by (1) searching to find 

position within representation of graph (2) minimize overhead data movement when 
preserving ordering



Static Graph Representations



Static Graph Representations

update efficient

space efficient



Prior Work

● Authors mention Aspen + Terrace: Terrace performs better with graph 
analytics algorithms, but does not handle large insertions particularly well.
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Prior Work

● Authors mention Aspen + Terrace: Terrace performs better with graph 
analytics algorithms, but does not handle large insertions particularly well.

● Terrace: Uses multiple structures to store edges
1. High-degree vertices stored in tree -> fast updates
2. Low degree vertices stores in Packed Memory Array (PMA). -> enable locality

● Authors find that the PMA accounts for 97% of total update time. 





INEFFICIENT SEARCH
each step loads new cache line

LARGE DATA MOVEMENTS



LS-GRAPH 
 

04 

Hybrid Indexed Tree (HITree) 
 

03 

Learned Indexed Array 
 

02 

 
Redundant Indexed Array  
 

 

01  for low degree vertices

for high degree vertices

for vertical data movement





O(1) block level search after binary searching index array.



O(1) block level search after binary searching index array.
Still inefficient if vertex has high degree.



KEY

Model takes key (edge dest) as input and
outputs a position in the array

-> linear regression
Unused position can be used for inserts
Edge stores destination index of edge
Block position conflict but space in the 
block
Child too many edges mapped to block by 
the model, so points to child which can be 
(1) an array
(2) another LIA
(3) RIA

Can be larger because we are using model instead of binary search.



KEY

Model takes key (edge dest) as input and
outputs a position in the array

-> linear regression
Unused position can be used for inserts
Edge stores destination index of edge
Block position conflict but space in the 
block
Child too many edges mapped to block by 
the model, so points to child which can be 
(1) an array
(2) another LIA
(3) RIA

Can be larger because we are using model instead of binary search.
Large horizontal data movement.
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EXPERIMENTAL SETUP

DATA

BASELINES

Terrace
PaC-Tree

Aspen

METRICS

Throughput of Graph Updates
Performance of Algorithms

Memory Footprints

GRAPH ALGORITHMS

BFS
Single Source Betweenness Centrality

Pagerank
Connected Components



THROUGHPUT

METHODOLOGY:
● batch of edge updates
● deleted right after
● updated edges generated by rMAT
● 5 trials



PERFORMANCE
AND
MEMORY



SENSITIVITY ANALYSIS



Strengths

● Good results -> were all improvements 
on previous results

● Strong experimental section
● Design choices were well explained.
● Thorough background explanation and 

exploration of bottlenecks.

Weaknesses

● Minor but did not include details of 
ablation study.

● Data structure is very complicated and 
seems hard to implement -> 
implementation details were not clear.

● Model learning details were not clear.
● No formal analysis on worst-case 

behavior or bounds (memory and 
runtime).



DISCUSSION QUESTIONS

(1) How sensitive if LSGraph’s performance to the accuracy of the learned index?
(2) What are the theoretical worst case bounds for vertical and horizontal 

movements in the HITree?
(3) Does there exist an adversarial input in which LSGraph behaves worse than 

PMA or a B-tree?
(4) Could LSGraph be extended for dynamic weighted graphs?
(5) What are areas good for parallelizing in the implementation of LSGraph?


