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Evolving Graph Analytics (EGA)

Real-world graphs change continuously over time,

EGA tracks a graph property over a sequence of snapshots.
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Has many applications:
• social network
• fraud detection
• bioinformatics
• network management
• ……

𝐺1 𝐺2 𝐺3



State-of-the-art EGA Algorithms

• Instead of naïve re-computing, incremental analysis methods that 
reuse the prior or common results are developed. 
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State-of-the-art EGA Algorithms

• Instead of naïve re-computing, incremental analysis methods that 
reuse the prior or common results are developed.

• Incremental algorithms include two categories:

• Streaming-based, e.g. Kickstarter[1]
Reuse the prior snapshot results by maintaining the node dependency and 
identifying the effects of additions and deletions.

• Batching-based, e.g., CommonGraph[2]
Reuse the results of common subgraph of snapshots and only identify the 
effects of additions. 
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[1] Kickstarter: fast and accurate computations on streaming graphs via trimmed approximations (ASPLOS ’17)
[2] CommonGraph: Graph Analytics on Evolving Data (ASPLOS ’23)



Challenges for EGA on GPUs
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GPU memory constraint

as real-world graphs are scaling up!
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Low GPU utilization

due to the sparsity of incre. analysis. 
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Out-of-GPU-memory Processing

= Under GPU memory constraints, data is stored in host memory and 
transferred to GPU memory on-demand.
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Memory management strategies

determine what data to transfer between host and GPU memory.

• Explicit Management: Application-aware
• Graph partition: transferring to GPU partition by partition.

• Subway[3]: generating exactly required subgraph.

• Implicit Managament: Application-agnostic
• Unified Memory (UM)

• Zero-copy

Out-of-GPU-memory EGA

8[3] Subway: Minimizing data transfer during out-of-GPU-memory graph processing (Eurosys ’20)
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• Subway[3]: generating exactly required subgraph.
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9[3] Subway: Minimizing data transfer during out-of-GPU-memory graph processing (Eurosys ’20)Traditional memory management strategies are insufficient for GPU-based EGA.  

Even Worse

Bottleneck



Proxy Graph

A compact graph abstraction that retains computation-critical edges.
Recent advancements in proxy graph design have achieved both a compact scale (e.g., ~10% of the 

full graph) and high representation fidelity (e.g., ~90% accuracy).
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Proxy GraphFull Graph

Approximate results

Proxy graphs have been used in 
many scenarios:
• reducing complexity for 

graph visualization
• optimizing partition 

navigation in distributed 
environment

• ……

GPU Memory

In-memory 
processing



To obtain exact results, proxy graph approaches require significant 
additional computation to refine the initial approximations.

However, bad news
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To obtain exact results, proxy graph approaches require significant 
additional computation to refine the initial approximations.

However, bad news
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refinement

Exact results

Proxy GraphFull Graph

Approximate results

Even outweighs 
the benefits

GPU Memory
Host Memory

PCIe

worse on out-of-GPU-
memory processing 



Our solution: POEGA
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Refinement

Host GPU

Address the shifted computational burden via massive 
GPU parallelism, 

designing an efficient and scalable concurrent execution 
to amortize costs across snapshots. How?

Shift the system bottleneck from data transfer to 
computation via (evolving) proxy graphs. 

Main Idea

Refer to 
paper



Coalesced Concurrent Execution

Instead of accessing graph data for each snapshot individually, 
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Graph_algo_kernel(𝑖)
{     …
      for 𝑣 in 𝑢.neighbors()
      { // data access
              …
      }
}

Graph_algo_kernel(𝑖 + 1)
{     …
      for 𝑣 in 𝑢.neighbors()
      { // data access
              …
      }
}

Graph_algo_Kernel (𝑖 + 2)
{     …
      for 𝑣 in 𝑢.neighbors()
      { // data access
              …
      }
}



Access each graph data (neighbor) once for all snapshots.

Coalesced Concurrent Execution
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Graph_algo_Kernel(…)
{     …
      for 𝑣 in 𝑢.neighbors()
      { // data access
            for snapshot 𝑖 ∈ [1, 𝑁]
            { 
 // computation
            }
      }
}

Share data access
across snapshots

Many Computations 
are still redundant!

Comp. Redundancy Ratio



Necessary condition 
for update:

Reduce redundant comp. by bound-based pruning

Safely identify computations that could be rapidly bypassed across all 
snapshots via their value bounds: 𝑀𝑎𝑥/𝑀𝑖𝑛𝑖∈ 1,𝑁 (𝑢).
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lazy maintenance to 
avoid sync overhead 

(refer to paper)



Multiple runtime state data

Ignored scalability bottleneck for concurrent exec.
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Multiple runtime state data

Ignored scalability bottleneck for concurrent exec.
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Efficient, dynamically compact data structures for runtime state on GPU 
should satisfy the following three requirements simultaneously:

• O(1) Access • Memory Locality • Less Synchronization
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AMVA Data Structure

up to 2 accesses 
to visit a state



Adaptive Multi-Version Array (AMVA)

Lock-Free Expand Protocols

E.g., when there is update vi’s value 23->21
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Updates in Vertex Directory Updates in Expansion Buffer

Ownership Acquisition

Atomic Allocation Data Migration and Update

Atomic Publishing.

Refer to 
paper



Evaluation

• Real-world Datasets

• Platform
• NVIDIA A6000 GPU with 48 GB memory

• NVIDIA A4000 GPUwith 16 GB memory

• Graph Algorithm
• BFS, SSSP, SSWP, SSNP, Viterbi, WCC

• Compared methods
• Re-evaluation based: Egraph[TKDE ’22]

Incremental 
Analysis

GPU Memory Mgmt. 
Strategy

Compared 
Methods

Streaming-
based 

Approach

Zero-copy
Grapin 

(VLDB 25)

UVM KS-UM

Explicit Mgmt. 
(Subway, Eurosys 20)

KS-SW

Batch-based 
Approach

Zero-copy CG-ZC

UVM CG-UM

Explicit Mgmt. 
(Subway, Eurosys 20)

MEGA 
(MICRO 23)



Overall Results
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Takeaways:

1. Compared with SOTA (the fastest system in 
each case), POEGA has the speedup of 6.6× on 
avg., at most 14.3x.

2. Compared with Unified Memory based 
methods, POEGA has 24.0x and 35.8x speedups 
for streaming and batch incre. analysis.

3. Compared with Zero-copy based methods, 
POEGA has 7.6x and 25.6x speedups for 
streaming and batch incre. analysis.

4. Compared with explicit management method, 
Subway, POEGA has 14.8x and 16.9x speedups 
for streaming and batch incre. analysis.



Breakdown Analysis
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Two phase breakdown Takeaways:
1. Phase-1 and phase-2 has comparable 

costs in POEGA.
2. P2 of POEGA has orders of magtitude 

speedups over concur. execution using 
CUDA stream and sequential 
execution.

Bound-based Pruning 
has up to 2.8x speedup.

AMVA has up to 12.9x 
speedup over states 
managed by zero-copy, 
and 4.7x speedup over 
batch-by-batch (low 
scalability).



Open-source: https://github.com/YunMoZhang/POEGA

25yunmo.zhang@my.cityu.edu.hk

Main Idea: Leverage proxy graphs to shift the data transfer bottleneck to 
computational overhead.

Problem: High data transfer overhead in Out-of-GPU-memory EGA

Challenge: Designing an efficient and scalable concurrent execution.
Contribution 1: Reduncing redundant computation by bound based pruning
Contribution 2: Reducing runtime multi-state memory footprints via AMVA


