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Graph Analytics
• Analyzing data stored in the form of a graph (nodes as entities and edges as 

relationships)


• Examples are: 


• Path finding or reachability 


• Compute Centrality measures 


• Many graph analytic frameworks exist such as Ligra (in-memory and multicore) and 
Ligra+ (additional compression module for graphs larger than in-memory)



Compression for Graph Analytics

• At the time there were many attempts to first compress large graphs for graph 
analytics (still issues with high peak-memory usage and long compression time)


• Benchmark memory consumption of Ligra+ (with compression module) and Ligra 
on execution of PageRank on 28.65 GB uk-2007-05 graph 


• No significant decrease in peak memory (Ligra+ reaches 121.85 GB which is 4 
times the original graph) Also need 605 seconds for compression time (too long) 



Encoding Based Compression
• Encode each vertex with few codes 

which allows memory saving 


• Variable length encoding like Huffman 
encoding change the fixed size 
representations of vertices in 
adjacency lists (based on different 
vertex’s occurrence frequency) 


• Delta encoding works by taking sorted 
adjacency list of a vertex and taking 
consecutive differences 


• In practice the two can be combined



Rule Based Compression
• Compression of data that identifies 

recurring patterns and encode them 
as rules 


• Compress graph is an example of rule 
based compression (leverages rule 
vertices to remove repeated adjacent 
edges) 



Benefits & Challenges of Graph Compression for Analytics
Benefits


• Allows leveraging 
precomputed results on 
redundant data (via 
compression) 


• Compressed graphs can be 
stored more efficiently in CPU 
cache (thus improving data 
locality)


• Well-designed graph 
compression allows reduction 
of peak memory consumption 
(as done by Laconic)


• Enable analysis of larger 
graphs in memory constrained 
systems 

Challenges


• Balance minimizing memory 
usage and maximizing 
computational efficiency 


• Certain graph compression 
may achieve high compression 
rates but may add notable 
compression time overhead 


• Rule-based and reference 
compression have good 
tradeoffs between 
compression ratio and graph 
processing efficiency but 
results in prolonged 
compression duration & 
increased memory usage (not 
suitable for memory 
constrained scenarios) 



Historical Background / Relevant Works
• Ligra+ supports is a framework 

that explores high-speed 
processing on compressed 
graphs expanding Ligra  


• Compress graphs was state-of-
the-art rule-based compression


• Relevant works for large graph 
computation tasks involve in-
memory compression, disk-based 
computation (suffer from high I/O 
costs) and distributed 
computation (higher development 
and maintenance costs) 


• WebGraph and K^2 tree are 
existing heavy compression 
algorithms with high compression 
ratios (but increase computation 
burden) 



Laconic Compression Modules
1. Memory aware adaptive graph slicing module (adaptively partitions the original 
graph into subgraphs taking into account available memory and ensure memory use 
stays under budget) 


• Supports customizable configuration for precise control of peak memory usage 
of compression process


2. Parallel rule-based subgraph compression module (compresses each sliced 
subgraph and removes redundancies 


3. Graph expression recovery module (compressed subgraph merging, vertex 
reordering, parallel encoding compression) 


• The last module involves hybrid that combines rule-based compression with 
other compression schemes (higher compression ratios)



Laconic Compression Modules



Memory-Aware Adaptive Graph Slicing Module
• Computes number of subgraphs and size of each subgraph to 

complete graph analytics under constrained memory limits 


• Partition graph into subgraphs that avoids introducing edges 
that connect subgraphs (partition vertex and neighbors into 
different subgraphs) 


• Controlling size of subgraph is important (if too small, lower 
redundancy and lower compression ratios and if too large, 
then excessive high peak memory) 



Parallel Rule-Based Subgraph Compression
• Laconic’s Rule-Based compression only captures rules of size 2 in 

each iteration (differs from traditional rule-based compression) 


• Laconic also further subdivides subgraphs and parallelize over 
parts of it followed by merging their compressed subgraph outputs



Parallel Rule-Based Subgraph Compression
• Traditional rule traversal finds most frequent (not necessary binary) 

rule sequentially (affects parallelism) while Laconic can traverse all 
frequent binary rules in one round and select those above freq 
count


• Laconic allows parallelization and instead of having to rewrite after 
each rule (multiple rounds can create non-binary rules in the end)

R3
R5



Parallel Rule-Based Subgraph Compression
• First parallel stage: Laconic assigns 

subgraphs to threads and each thread 
hashes and inserts every consecutive 
binary pair to some bucket. 


• Second parallel stage: Each thread are 
assigned buckets to count 
occurrences of pairs within and filter 
out pairs below frequent threshold. 
After that assign RuleIds for each 


• Third parallel stage: Laconic re-
traverses subgraph and replaces 
queued rules in parallel with non-
overlap policy  



Graph Expression Recovery Module
• Filter infrequent rules and remove them and merge the 

compressed subgraphs together 


• Reordering process (renumbering nodes’ ID) to restore 
original vertex arrangement disrupted by rule 
compression. (that might result in greater “gaps”)


• Includes parallel encoding compression sub-module 
(Delta encoding) on the reordered compressed graph 
enhance compression rate 

• Log gap is sum of all of the logs 
of gaps in the adjacency list



Empirical Results 
• Methodologies that are compared: CompressGraph, Ligra, Ligra+, WebGraph, GridGraph 

(compared with these as they are state-of-the-art and some such as Ligra+ include compression 
mechanism and WebGraph is known for exceptional compression ratios) 


• Aspects for evaluation:


• Peak memory usage throughout compression and computation 


• Time and space overhead during computation 


• Compression ratio 


• Compression time 


• Benchmarks (Graph Applications)  

• Connected Components, betweenness centrality, triangle counting, single-source shortest path, 
PageRank
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Empirical Results 
Peak memory consumption and speedup when performing analytic tasks on compressed graph:  



Possible Directions, Strengths, Weaknesses 
• How does Laconic perform against distributed approaches? 


• Could variable length encoding along with delta encoding further improve 
compression rates? 


• Might disk-based systems for graph analytics also integrate a compression step 
first prior to analytics similar to Laconic and find benefits?


• Proposes a novel memory aware adaptive graph slicing module and parallelization 
algorithm of rule-based encoding (unlike traditional rule-based encoding) 


• (On five graph alg, 12 diverse graphs and stota methods) Reduces on average 
70% to 66% memory consumption during compression and computation 
respectively and reduces 93% compression time on average. 2.47x compression 
ratio and 2.12x performance speedup


