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GNN Background TC-GNN Design

» The first TCU-based GNN acceleration
Graph Neural Network Basics. design on GPUs.
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Motivation

GNN Layer-N

Softmax

. 4

.ee
g
s—z
S
aa
e
- =
= e Eab =
- ~
- ~
- ~
- e P
- ~
~
~
~
~
cee E

et Sparse MM on CUDA core GPUs fit GNNs 3. Lower Shared Memory Usage due to more
T —— ., condensed tiles loading.
GCN GraphSAGE Table 1. Profiling of GCN Slzgr_se_ Operations. ~ A
. = i Dataset | Aggr. (%) | Update (%)l| Cache(%) | Occ.(%) | .
; Yy ggr (%) | Update (%)) Cache(®) | Oce() | Evaluation
| - Cora 88.56 11.44) 3722 [ 15.06
Input Output I o= | . o .
- Noa Iy Citeseer 86.52 13.47: 38.18 15.19 1 « Baseline: 1) Deep Graph lerary (DGL); 2)
L TR L ~ Pubmed 94.39 5.55 37.22 16.24 | .
Tl A\ : I PyTorch Geometric (PyG).
.. | oo 2o 3o e * GNN model: 1) GCN (Graph Convolutional
Ny i Dense MM on CUDA core GNNs fit GPUs Network); 2) AGNN (Attention-based GNN).

» Platform: A desktop server with 8-core 16-
thread. Intel Xeon Silver 4110 CPU (64GB

Credit: Google Image

Table 3. Medium-size C’i_rgphs in GNN:gs.

]
Dataset # Nod # Ed M Eff.C
Challenges ki o= geS: STy e host memory) and NVIDIA RTX3090 GPU
OVCR-8H | 1,890,931 | 3,946,402 y 14302.48 GB 0.36% (24GB device memory)
- . Yeast 1,714,644 | 3,636,546 || 11760.02 GB 0.32%

e Existing deep-learning frameworks are DD 334,925 1,686,092: 448.70 GB 0.03% 30 1 S SpecdunGon
optimized for dense neural network O e 20 | B SpadupAGNY
operations. @ Apply separate optimization on one e | 1"

- direction only would hardly work e | |
Lack of efficient support for sparse graph e % . 2 = 8 % § ¥
' ’ S § g § § 2
neural network computation. Overall DeS]gn 2 2 E : 3 g
. L. : E E 3 E
e Existing sparse computation kernel can . e 0
0nly leverage CU DA core on GPUS. Graph SparseToDense Type | Type lI Type Il
Structure > Translation
Underutilize the latest GPU with new Sparse Graph l (2)
hardware feature that offer high C°'fe"se°' roodng . 8 Spesdup G
-performance compuation. . . —
Neighbor ost-Aggregation <
> Aggregation > '\I'E‘ﬁge';‘fj?r‘]‘;;e l ﬂ g II
e S | Initial Edge
ubcore Node Feat | > s l= T ¢ o0 T |wvw & & @ o
Register FiIeSsM : [b LO Cache ] a IAI | \ émgededﬁnlg: TFeature g § g o ::'I :’: § - g § g § ‘;23 §
(__Dispatch Unit [ Warp Scheduler D= 'é' +:'(':':M§ Edge Feature S 2 < § > g 2 % g
FPea | [ T | [FP32 [ Tou ]| == wiih >  Computation c © E § » E
| LD/ST [ sFu Q .B.. j (Optional) & 9
............................... L S Da; LoadlDataFlow lDGEM; Type | Type I Type Il
Figure 3. A Subcore of GPU SM with TCU. B 2 (b)
CUDA Core Tensor Core
Speedup over (a) DGL and
peedup over (a) Avg: 1.70X
(b) PyG on GCN and AGNN.




