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Objective

This work introduces CPU-PCGCN, an implementation of PCGCN [1]| using the CPU, achieving up to 3.94 times speed increase compared to the base
GCN implementation.

Introduction GNNs and GCNs

The acceleration in GCNs is mainly achieved T f—
due to: 1) Partitioning of the graph [2] and
2) Determination of the edge-blocks and their Two phases: Aggregation, collecting the features of neighboring vertices , and Combina-

sparsity. Once processed, we will employ a dual tion, the new vertex features are updated using a DNN.

computation method. Depending on the spar-
sity we will compute using either a sparse or a
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dense algorithm.
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CPU-PCGCN Algorithm 1 e e :
Symbols: mput graph: G = (V. E), layers: [ = A single convolution transforms and aggregates information from neighbouring nodes. How-

{1.....,L}, subgraphs: {Sp = (Vi,Eg.SSi)|k =
1,..., K}, vertices in subgraph k: Vi, edges in sub-
eraph k: Ej., sparsity of the subgraph k: S5}, edges
between subgraph ¢ and j: E; ;, features of layer [:
h! (h" indicates the input features), weight of layer Resu |ts
[ w'
Ensure: Partition G—={Sk|k =1, ..., K}

// calculate a L layer CPU-PCGCN model

ever they face two limitations: 1) Identity Matrix A and 2) Symmetric Normalization

Datasets #vertex Fedge Ffeature #label clustering coefficient 1000
for | - 1*E':1L df; o cora 27K 54K 14K 7 0.24 .
a=h"" xXw > Combination citeseer 33K 47K 37K 6 0.14
Split a'—={al|k = 1,.... K} according to sub- pubmied 197K 1083K 500 3 0.06
oraphs: PaRMAT-0.01 | 996 RK 250 30 NM )
e - —_ 250
// execute graph propacation PaRMAT-0.06 1k SO 731 G1 NM
A Kg g b prOPEs PaRMAT-0.12 | 100 600 48 6 N
or k= 4,, © PaRMAT-1 996 S00K  6.8K 105 NM T e £ S & O
// dual-mode computing ’ o e & &
. ‘ ¥ @ 2¥
if SS. > a?a.threﬂmid then B GONGS) W besttme
h,i: = > .1 fapmm (Ek.i, aé) > Sparse Time (s) Time (s)
else Datasets | GCN (D) GCN (S) CPU-2 CPU-4 CPU-8 CPU-16 speedup Datasets | best-time CPU-4-20 CPU-4-40 CPU-16-20 CPU-16-40
Bl — ZK Fonm (Ek.i ﬂ;) > Dense cora 88.74 81.53  46.74 4858 5696 7253  1.74x cora 46.74 53.17 50.65 74.81 71.27
k p=1 S AR T citeseer 82.61 69.42 4611 4958 5690 7497  1.50x citeseer 16.11 18,84 48,88 74.18 7447
end if pubmed 1,259.93  795.184 24856 303.22 347.44 44647  3.19x pubined 248.56 287.19 288.13 145.91 446.56
// combine hidden states subgraph £k PaRMAT-0.01 |  30.70 28.86 1078  21.71 2536 33.12  1.45x  PaRMAT-0.01| 19.78 21.47 21.27 32.57 32.78
Bl — concat( Bl ) PaRMAT-0.06 | 43.01 3781  21.67 2370 2631 3406  1.74x  PaRMAT-0.06 | 21.67 23,28 23.55 33.78 34.38
| k PaRMAT-0.12 | 3.76 2.41 1.9 204 263 454  1.26x  PaRMAT-012| 1.9 2.04 2.06 4.72 4.77
end for PaRMAT-1 | 11712  1,050.3  266.48 22998 262.54 387.72  3.94x PaRMAT-1 | 22998 22413  220.90 398.34 103.47
end for
return h’: 08
Time (s) .
MOdel ArCh|teCture Phases V1 V2 V3 V4 V5
- Splitting ' 0.098 0.0959 0.185 0.004 0.0065 Y
For a better. understandmg of CPUPCGCN, we Graph propagation | 0001 | o z
provide a high-level overview. The model con- Concat 0642 O : : -
sists of two hidden layers known as GCN or Torch conversion | NA  NA NA ~0 ~0 "
CPU-PCGCN. Both layers are architecturally Total (s) 0.74  0.67 0.789 0.022 0.026

identical but differ in how they compute input 00

parameters. The first layer operates on the com-
plete graph in a compressed format, while the
second layer works on partitions generated tfrom
the graph, also in a compressed format.
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