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Problems Need to be Solved

- Datamining in bioinformation- Datamining in social network

- Unprecedented scale of modern graphs, reaching up to 12 trillion edges in web-scale datasets

- Algorithmic complexity of core mining problems such as k-clique enumeration (polynomial complexity) and 
maximal clique listing (NP-hard) are extremely high

- lack of standardized benchmarking frameworks to systematically evaluate and compare different algorithmic 
approaches, graph representations, and optimization strategies



Why Important

- Advancing Standardization in Graph Mining Research

- Improving High-Performance Algorithm Design Efficiency

- Deeper Performance Insights Through Novel Metrics

- Enhanced Portability & Scalability Analysis

- Addressing Real-World Complex Graph Data Challenges

- Fostering Ecosystem Building & Community Collaboration



Background

- Published in 2021, PVLDB (Proceedings of the VLDB Endowment)
- Code available on GitHub: https://graphminesuite.spcl.inf.ethz.ch/



Idea Proposed - GMS

GraphMineSuite (GMS), the first benchmarking suite dedicated to graph mining

• Uses set algebra as the core computational abstraction.
• Adopts a highly modular architecture ("Lego-like" design).
• Introduces a new performance metric: "algorithmic throughput".
• Provides theoretical concurrency analysis using the work-depth model.
• Includes parallel implementations of over 40 state-of-the-art graph mining algorithms.
• Promotes standardization and fair comparison in graph mining research.
• Builds an integrated ecosystem for graph mining research.



GMS – How to Systematically Build High-Performance Graph Mining Algorithm 

Goal: Build a high-performance graph mining algorithm to solve a selected graph mining problem

• Define the problem type 
(e.g., clique listing, 
subgraph isomorphism, 
etc.)

• select an appropriate 
dataset, and design an 
initial version of the 
algorithm

• Develop high-
performance 
implementations of 
algorithms 

• rapidly test different 
design choices (such as 
graph representations and 
load balancing methods) 
using platform tools

• Conduct theoretical and 
empirical analysis of 
algorithms to understand 
performance bottlenecks, 
memory overhead, and 
parallelism limits

• By comparing the 
efficiency and robustness 
of different algorithms 
through unified 
evaluation metrics, we 
ensure that conclusions 
are reproducible and 
interpretable



GMS – Core Components and Workflow

z



GMS – Benchmark Specification (Graph Problems & Algorithms )

GMS divides graph mining problems into four categories: pattern matching, learning, reordering, and 
partial optimization problems

• Pattern Matching: Finding specific subgraphs (motifs), e.g., cliques, dense subgraphs, frequent 
patterns, and subgraph isomorphism

• Learning: Tasks like vertex similarity, link prediction, clustering, and community detection
• Reordering: Vertex reordering schemes such as degeneracy or triangle-count-based ordering, used 

for preprocessing to accelerate other algorithms
• Partial Optimization Problems:  Classic optimization problems like graph coloring and minimum 

cuts (partially covered).



GMS – Benchmark Specification (Dataset)

GMS emphasizes the use of diverse real-world graph datasets to 
comprehensively evaluate the performance of graph mining 
algorithms.

• Include both sparse and dense graphs
• Have highly skewed and more uniform degree distributions
• Contain graphs with many or few cliques
• Contain abundant or scarce non-clique dense subgraphs
• Come from different domains, such as social networks, 

purchase records, road networks



GMS – Benchmark Specification (Metrics)

Traditional metrics:

• Run-time (algorithm execution 
time)

• Scalability (performance vs 
thread count)

• Memory usage
• Machine efficiency (e.g., CPU 

stalls, L3 cache misses via PAPI 
counters)

Novel metric introduced by GMS: 
Algorithmic Efficiency / Algorithmic 
Throughput

• Measures the number of graph patterns 
mined per second (e.g., cliques, subgraphs, 
clusters).

• Extends the idea of Processed Edges Per 
Second (PEPS) used in graph processing to 
graph mining.

• Provides insight into algorithmic behavior 
across graphs of different structures.



GMS – GMS Platform & Set Algebra 

Unified Execution Pipeline:
GMS defines a standard five-stage workflow for all graph-
mining experiments.

• Load Graph → read input datasets from disk into 
memory.

• Build Representation → construct the chosen graph 
layout (e.g., CSR, bitset, blocked CSR).

• Preprocess → apply degree ordering, degeneracy 
ordering, or other transformations.

• Run Algorithm → execute pattern matching, learning, or 
optimization routines built on Set Algebra.

• Collect Metrics → gather runtime, throughput, and 
memory statistics for evaluation.



GMS – GMS Platform & Set Algebra 

•Modularity: Algorithms built from reusable set operators.
•Parallelism: Set operations map naturally to SIMD and multi-threaded processing.
•Extensibility: New storage layouts or hardware backends can be added easily.
•Reproducibility: Common API ensures fair and consistent benchmarking

➢ Each step is modular — can replace or change any part (like data layout or preprocessing) without breaking the others.
➢ Everything connects through the same “Set Interface.”

Algorithms, data, and optimizations plug together like LEGO blocks.
➢ Parallel by design — runs on multiple CPU cores using OpenMP or TBB.
➢ Hardware-independent — same code works on different CPUs or servers.
➢ Works with other parts of GMS:

• Reference algorithms run inside this pipeline.
• Metrics are collected automatically.
• Concurrency analysis checks how well the code scales.



GMS – Reference Implementation

•Ensures fair comparisons across 
algorithms and datasets
•Facilitates reproducibility and rapid 
prototyping
•Bridges research and engineering by 
providing optimized, ready-to-use 
kernels

Reference Implementation: Provide standardized, optimized, and reusable algorithmic building blocks that serve as the 
foundation for all graph-mining tasks within GMS



GMS – From Concept to System Implementation

•Goal: Find all maximal cliques (fully connected subgraphs) in a given graph.

Use Case 1: Maximal Clique Listing

•Expressed entirely through the Set Interface (∩, ∪, −).
•Each recursive expansion step becomes a set intersection between vertex neighborhoods (e.g., N(u) ∩ P).
•Uses interchangeable intersection kernels (merge-based, bitset, blocked CSR) for optimal performance.
•Applies Degeneracy Ordering or Approximate Degeneracy (ADG) to reduce recursion depth and prune search space.
•Parallelized using OpenMP tasks with load balancing guided by the Work–Depth mode

•Achieves > 9× speedup compared to previous optimized baselines (Eppstein et al., Das et al.).
•Scales efficiently across dense and sparse graphs.
•Demonstrates that a complex recursive pattern-mining task can be cleanly expressed through GMS’s Set Algebra.

Result:



GMS – From Concept to System Implementation

•Goal: Compute vertex orderings (or k-core levels) that capture structural hierarchy and compress graph complexity

Use Case 2: Approximate Degeneracy Ordering (ADG) / k-Core Decomposition

•Described entirely through Set Interface operations — vertex peeling becomes repeated set difference operations.
•Uses adaptive degree buckets and sampling heuristics to lower total work (W) while maintaining ordering quality.
•Employs the same modular pipeline as in other GMS algorithms: preprocessing → set ops → output.
•Fully parallelized via OpenMP / TBB, reusing the same scheduling and load-balancing mechanisms.

•1.5–2× faster than exact Degeneracy Reordering (DGR) with negligible accuracy loss.
•Lower ε → higher precision but smaller speedup.
•Demonstrates that GMS supports both exact and approximate algorithms efficiently.

Result:



GMS – Concurrency Analysis

Work–Depth / Work–Span Model

•Work (W): total operations if run sequentially.
•Depth/Span (D): length of the longest dependency chain (critical path).
•Parallelism: Π = W / D
•Brent bound: on P processors, T (p) ≤ max(W/P,  D)

• How fast can this algorithm get? 
• Is it suitable for multi-core and massively parallel systems?
• What are its time and space requirements?



GMS – Concurrency Analysis

No single optimization is universally best

•Algorithms that use less work may have greater depth → good sequential cost but poor scalability.

•Algorithms with small depth (high parallelism) often require more work or space.

•The “best” algorithm depends on available cores and memory → The more cores, the more suitable for low D 

algorithms; when memory is limited, prioritize low S algorithms 

•Runtime can be approximated by TP≈W/P+DT_P ≈ W/P + DTP​≈W/P+D → reducing W and D are both valuable, but 

which one matters more depends on P.



GMS – Result

Setup: Runs on multi-core shared-memory machines; evaluates with runtime, memory, hardware counters, and 
Algorithmic Throughput (patterns per second) 

• Maximal Clique Listing: Up to >9×more cliques per second than strong baselines, aided by reordering and 
cached set ops

• Degeneracy Reordering / k-Core: >2× speedups for reordering/core decomposition variants
• k-Clique Listing: Up to ~1.1× improvements with better bounds/layouts.
• Subgraph Isomorphism: Around 2.5× speedup over a recent baseline.



GMS – Result

Scalability & Theory match: Observed speedups track the Work–Depth predictions: good scaling with threads; designs 
chosen to keep work low and depth manageable.



GMS – Result

Machine Efficiency

ADG ε : Demonstrate GMS Modular 
Experiment Capabilities



Strengths & Weakness

• High Performance and Scalability
• Unified Benchmark Suite
• Modular Design via Set Algebra
• Clear Parallelism Analysis
• Transparent Performance Metrics
• Practical Relevance

• Limited Hardware Scope
• Memory Bound Scalability
• Preprocessing Overhead
• Trade-off Complexity
• Energy and I/O Metrics Missing

Potential Future Work Directions

• Further optimize performance on GPUs and distributed-memory systems, moving beyond the current 
focus on shared-memory multicore architectures.

• Expand the system to heterogeneous setups like CPU+GPU, enabling efficient processing of extremely 
large graphs.

• Introduce more comprehensive performance metrics
• Reduce manual configuration burden on users
• Build an automated configuration recommendation system
• Lower usage barriers and improve usability



Discussions

• What are the key challenges GMS would face when extending from shared-memory multicore 
systems to GPUs or distributed clusters?

• The paper mentions significant speedups after re-implementing existing algorithms in GMS. Are 
these gains due to platform optimizations or algorithmic improvements? How can we 
disentangle the contributions of each?

• Modular design makes GMS easy to extend, but could it come at the cost of performance? How 
is the trade-off between flexibility and efficiency managed?

• GMS emphasizes concurrency analysis using the work-depth model. How effective is this in 
predicting algorithm performance on real hardware?
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