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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.

Has many applications:

* social network

fraud detection

* bioinformatics

* network management




State-of-the-art EGA Algorithms

* Instead of naive re-computing, incremental analysis methods that

reuse the prior or common results are developed.

1. SSSP: Single Source Shortest Path
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State-of-the-art EGA Algorithms

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

* Incremental algorithms include two categories:

* Streaming-based, e.qg. 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.

[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

Out-of-GPU-

GPU memory constraint < ggiiiiscts daa ) GPU utilization

as real-world graphs are scaling up! 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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Out-of-GPU-memory EGA

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

[3] Subway: Minimizing data transfer during out-of-GPU-memory graph processing (Eurosys '20)



Out-of-GPU-memory EGA

Memory management strategies
determine what data to transfer between host and GPU memory.
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Traditional memory management strategies are insufficient for GPU-based EGA.



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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many scenarios:
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However, bad news (¢

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

Shift the system bottleneck from data transfer to

computation via (evolving) proxy graph
paper

Address the shifted computational burden via massive
GPU parallelism,

designing an efficient and scalable concurrent execution

to amortize costs across snapshots. m




Coalesced Concurrent Execution

Instead of accessing graph data for each snapshot individually,

O

Graph_algo_kernel(i) Graph_algo_kernel(i + 1) Graph_algo_Kernel (i + 2)
{ .. { .. {
for v in u.neighbors() for v in u.neighbors() for v in u.neighbors()
{// data access {// data access { // data access

} } }
} } }
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Coalesced Concurrent Execution

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

Graph_algo_Kernel(...)
{

{ // data access
for snapshoti € [1,N

{ v |
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Reduce redundant comp. by bound-based pruning

Safely identify computations that could be rapidly bypassed across all
snapshots via their value bounds: Max /Min;cr, n(U).

SSSP Query (interm.) result
SSSP Query edge function

m Gy Gz Gs Uober bound: 6 (update condition)
. vali(u) 3|46 Lopvr\jer bound: 3
weight: 2 5 l 5 l 5 l ' val;(u) + weight < val;(v)

Upper bound: 5

\ val; (v
(V) [4]2]5 Lower bound: 2
Necessary condition Lower(u) + weight < YES: Needs to compute for each snapshot
for update: Upper(v)? No: Bypass all snapshots!
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Reduce redundant comp. by bound-based pruning

Safely identify computations that could be rapid| passed across all

- - lazy maintenance to
snapshots via their value bo s syncoverhead N (u).

refer to

SSSP Query (interm.) result

Gy Gy G3
m val;(w) [3 46 Upper bound: 6

weiaht: 2 Lower bound: 3 pal(u) + weight < val,(v)
. 2| 2| 2|

SSSP Query edge function
(update condition)

Upper bound: 5

M vali(v) 41215 Lower bound: 2

Necessary condition Lower(u) + weight < YES: Needs to compute for each snapshot
for update: Upper(v)? No: Bypass all snapshots!
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Ignored scalability bottleneck for concurrent exec.

Multiple runtime state data

Value Arrays for N snapshots
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Ignored scalability bottleneck for concurrent exec.

Multiple runtime state data

Value Arrays for N snapshots

NXx|V| memory usage->

G, G, - Gy new memory bottleneck
v,| 8] 8 8
f Redundant values
S | > o across snapshots
10|10 12

Efficient, dynamically compact data structures for runtime state on GPU
should satisfy the following three requirements simultaneously:

* O(2) Access  Memory Locality ¢ Less Synchronization
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Adaptive Multi-Version Array (AMVA)

AMVA Data Structure
Value Arrays for N snapshots
Vertex
G, G, - Gy Directory
v,|8|8| -~ |8 8
5| > 0 o o up to 2 accesses
10|10 12 to visit a state
16|18 -~ |20
15[15] - [15 15|/
17[7] a7 17| /
v...|55|69| - |69 e
32 30 ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 0

Tag| Value/offset
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Adaptive Multi-Version Array (AMVA)

Lock-Free Expand Protocols
E.g., when there is update v/'s value 23-> babe

off

Tag Payload

Compact =) 126

Mode v;| 00 23 (value)

>0 Ownership Acquisition
Locked 772 126
Vode Vil01 23 (value) (2]
> Atomic Allocation 6 Data Migration and Update

Buffered a Atomic Publishing. > 196

TS v 1 11| 126 (offset) 23 n |2

Mode pa—p

Updates in Vertex Directory Updates in Expansion Buffer
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Evaluation

* Real-world Datasets * Compared methods
Graph v E  Sizey. Sizewm * Re-evaluation based: Egraph[TKDE '22]
UK-2005 (UK) [61] 40M 1.6B 12GB I18GB
IT-2004 (IT) |61 4IM 2.1B 16GB 24GB
T\\'iller-l()l(()(T)\l:‘W]M 62M 24B 18GB  27GB Incremental | GPU Memory Mgmt. | Compared
SK-2004 (SK)[61]  5IM 37B 28GB  4IGB Analysis Strategy Methods
Subdomain (SD) [50] 102M  39B 30GB 44GB
Zero-copy Grapin
* NVIDIA A6ooo GPU with 48 GB memory | based UVM KS-UM
+ NVIDIA A4000 GPUwith 16 GB memory | “PP3N | Explicit Mgmt. (S.SW
_ (Subway, Eurosys 20)
* Graph Algorithm Zeracopy CG.2C
* BFS, SSSP, SSWP, SSNP, Viterbi, WCC Batch-based VM CG-UM
Approach Explicit Mgmt. MEGA
(Subway, Eurosys 20) | (MICRO 23)




Overall Results

EG-

KS-

KS-

Gra

CG-

CG-

. Me-
Alg. G | v UM SW pn UM ZC @ L0
UK | 172 58 149 86 324 337 180 1.4
IT | 205 225 209 131 783 553 164 2.1
BFS TW | 164 785 254 212 881 448 175 1.8
SK | 537 804 253 182 102 857 325 23
SD | 859 194 243 127 178 717 513 32
UK | 446 17.7 403 188 589 632 179 20
IT | 341 388 457 132 162 840 175 1.7
SSSP TW | 182 928 396 156 103 390 539 1.5
SK | 767 972 493 330 187 135 332 27
SD | 1097 297 443 189 339 697 496 36
UK | 476 100 328 106 358 305 198 1.3
IT | 948 234 533 131 540 461 256 1.7
SSWP TW | 271 894 308 137 820 385 713 1.6
SK | 1749 964 666 279 123 835 70.1 28
SD | 3545 208 731 180 222 669 119 59
UK | 474 17.1 85 259 638 343 163 1.1
IT | 923 379 416 239 159 524 27. 1.8
Viterbi TW | 276 946 280 212 113 381 717 1.5
SK | 1909 109 885 319 178 174 927 46
SD | 3473 274 507 191 276 668 127 47
UK | 288 40 174 86 306 305 140 1.2
IT | 994 225 516 139 562 453 272 1.8
SSNP TW | 274 89.1 225 143 830 384 727 1.6
SK | 1479 995 652 363 124 867 875 25
SD | 4318 202 654 159 201 743 125 37
UK 288 5.9 14.3 99 30.6 295 9.3 1.6
IT | 994 190 132 78 486 395 128 1.9
WCC TW | 274 608 176 146 870 374 351 1.5
SK | 1479 683 222 195 921 690 325 27
SD | 4318 126 179 110 146 602 636 3.0
GMean Speedup (%) | 10.6 17.2 334 7.1 99 150 2539

Takeaways:

1.

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

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

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

Compared with explicit management method,
Subway, POEGA has 14.8x and 16.9x speedups

for streaming and batch incre. analysis. -



Breakdown Analysis

4 ap2 BUK ©TW ®SD | « %
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(a) P1 and P2 performance. (b) P2 performance under different
execution strategies.
TWO phase breakdown Takeaways- l Bw/ AMVA @Bw/ Batch B8 w/ Zero-copy J AMVA has Up to 129X
1. Phase-1and phase-2 has comparable 12 speedup over states
costs in POEGA oF managed by zero-copy,
. g
2. P2 of POEGA has orders of magtitude = 4 | and 4.7x speedup over
speedups over concur. execution using 0 s BEN el mE B batlchb-.tl).y-batch (low
. ; ; TW SD | IT TW SK scalability).
CUDA stream and Sequent|a| SSSP-S [SSSP-16]  SSSP-32 BFS-32 | SSSP-64 V)

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

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

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

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

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




