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Graph Context Empower Graph Learning

e Graph Neural Network
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GNN empowers graph learning via message passing.


https://tkipf.github.io/graph-convolutional-networks/

GNNSs vs. MLPs
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Effectiveness Worse performance Superior performance
(for graph)
Efficiency Computationally efficient Computationally cost

GNNs are powerful for graph while MLPs are
computationally efficient.



Begin with an Intriguing Phenomenon

MLP: H'=¢(H"'W! ) GNN: H'=¢(AH'W' )

mlp gnn

GNN and MLP have the same trainable weight.

e |f the dimensions of the hidden layers are the same
e we refer tothat MLP as a PeerMLP

What will happen if we directly adopt the weights of a
converged PeerMLP to GNN?



Transfer Weights from MLP to GNN

1. Trained here

O
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l 2. Transfer l
PeerMLP  GCN w/ wpeermip Improv. GCN
Cora 58.50 77.60 1 32.64% | 82.60
CiteSeer 60.50 69.70 115.20% | 71.60
PubMed 73.60 78.10 16.11% 79.80

Weights from a fully-trained PeerMLP make GNN
performs very well.



Further Investigation

® PeeFMLP fmlp(X;wmlp> ; GNN fgnn(XaA;wmlp)
® w,,;, isonlytrained by PeerMLP
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The loss curve decreases while the accuracy curve are
increas.

The GNN can be optimized by updating its PeerMLP.




MLPInit

For atarget GNN,

1. Constructits PeerMLP

2. Train PeerMLP to
converge — Wy,
Initialize GNN withw,,;,,

4. Fine tune the GNN

# f_gnn: graph neural network model
# f_mlp: PeerMLP of f_gnn

# Train PeerMLP for N epochs

for X, Y in dataloader_mlp:
P = f_mlp(X)
loss = nn.CrossEntropyLoss(P, Y)
loss.backward()
optimizer_mlp.step()

# Initialize GNN with MLPInit
torch.save(f_mlp.state_dict(), "w_mlp.pt")
f_gnn.load_state_dict("w_mlp.pt")

# Train GNN for n epochs

for X, A, Y in dataloader_gnn:
P =f_gnn(X, A)
loss = nn.CrossEntropyLoss(P, Y)
loss.backward ()
optimizer_gnn.step()

Why “Embarrassingly Simple”? Construct a PeerMLP

and train it.




At a Glance: Faster and Better

0GB-arXiv (GraphSAINT) 0GB-arXiv (ClusterGCN) 0GB-arXiv (GraphSAGE) 0GB-arXiv (GCN)
0.7 0.7 0.725 0.704 -
== _ - A |
0.6 0.700 _,J'M“' 0.65
0.6
>
0.60
g0 2.48x 3.94x 0.675 2.06x 1.91x
o
S04 Speedup 0.5 Speedup —_— Speedup 0.55 Speedup
Random
0.3 0.625 0.50 .
0.4 wem= M LPInit
0.45
SIS IITEIIITE OIS LSHBSES SIS RS S ILLELISTBEERS
Epoches Epoches Epoches Epoch

MLPInit can accelerate GNN training by providing a
better initialization of GNN.

2. MLPInit obtain better accuracy, gain performance

improvement.



How Fast MLPInit Accelerate GNN?
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Methods Flickr Yelp Reddit Reddit2 A-products O0GB-arXiv 0GB-products | AVg.
@ Random(k) 45.6 44.7 36.0 48.0 48.9 46.7 4300 447
2 MLPInit (3) 399 20.3 7.3 7.7 40.8 22.7 291 20.22
“2  Improv. 1.14x 220x 4.93x  6.23X% 1.20x 2.06 x 14.83x 2.21x
B Random 31.0 35.8 40.6 28.3 50.0 48.3 4491 40.51
Z  MLPInit 14.1 0.0 21.8 6.1 9.1 19.5 16.9I 14.58
5, Improv. 2:20% — 1.86x 4.64x 5.49% 2.48 X 2.66><l 2.77x
Z Random 157 40.3 46.2 47.0 37.4 42.9 428, 389
S MLPInit 73 180 128 170 1.0 10.9 150l 117
) Improv. 2.15x  224x 3.61x  2.76X 37.40x 3.94 x 2.85x1 3.32X%
'z Random 46.4 44.5 42.4 2.4 47.7 46.7 43.81 4535
QO  MLPInit 30.5 2040 0.0 0.0 0.0 24.5 1.3 199
© Improv. 132x 19Dx — — — 1.91x 33.69x, 2.27x

MLPInit can significantly reduce the training time of
GNNs.



How Well does MLPInit Perform?
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Methods Flickr Yelp Reddit Reddit2 A-products 0GB-arXiv 0GB-products | Avg. I
M Random 53.72+0.16 63.03+020 96.50+003 51.76+253 77.58+005 72.00+0.16 80.05:&0.35I 70.66 I
2 MLPInit 53.82+0.13 63.93+023 96.66+0.04 89.60+1.60 77.74+006 72.25+030 80.04+0.62] 76.29 |
2 Improv. 10.19% 11.43% 10.16% 173.09% 10.21% 10.36% i0.0l%l 1+7.97% |
B Random 51.37+021 29.42+132 95.58+007 36.45+4.09 59.31+0.12 67.95+024  73.80+0.58] 59.12 |
% MLPInit 51.35+0.10 43.10+1.13 95.64+006 41.71+125 68.24+017 68.80+40.20 74.0210.19| 63.26|
v Improv. | 0.05% 146.47% 10.06% 1 14.45% 1 15.06% 1 1.25% T0.30%I T7.OO%I
% Random 49.95+0.15 56.39+064 95.704+006 53.79+248 52.74+028 68.00+0.59 78.713:0.59; 65.04|
O MLPInit 49.96+020 58.05+056 96.02+004 77.77+193 55.61+017 69.53+050  78.48+0.64 69.34
&) Improv. 10.02% 12.94% 10.33% 144.60% 15.45% 12.26% ¢0.30%| 16.61% I
. Random 50.90+0.12 40.08+0.15 92.78+0.11 27.87+3.45 36.35+0.15 70.254+0.22 77.0810.26' 56.47 I
8 MLPInit 51.16+020 40.83+027 91.40+020 80.37+261 39.70+0.11 70.35+032  76.85+0341 64.38 |

Improv. 10.51% 11.87% |1.49% 1188.42% 19.22% 10.14% ¢0.29%|T 14.00% |

MLPInit improves the prediction performance for node
classification.
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How Well does MLPInit Perform?

| Methods AUC AP Hits@10 Hits @20 Hits@50  Hits@100

s | MLPrandom 94.76+030  94.28+036  14.68+260  24.01+304  40.02+275  54.85+2.03
2 GNN'andom 96.66+020  96.78+031 28.38+6.11 42.55+4383 60.62+4.29 75.1443.00
§ GNNmipinit 97.31+019  97.53+021  37.58+752  51.83+762  70.57+312  81.42+152
Improvement 1 0.68% 10.77%  13243% 121.80% 116.42% 1 8.36%
MLP:andom 95.20+0.18 95.53+025 28.70+3.73 39.22+4.13 53.36+3.31 64.83+1.95

o GNN:andom 96.29+020  96.64+0.23 36.55+408  43.13+2385 59.98+243 71.57+1.00
a GNNmipinit 96.67+013  97.09+014  40.84+734  53.72+425  67.99+285  77.76+1.20
Improvement 1 0.39% T047% T1L.38% T2487% T18841% 1 8.65%

5 MLP:andom 86.18+1.41 85.37+1.24 4.36+1.14 6.96+1.28 12.20+1.24 17.91+1.26
§ GNN:andom 92.07+2.14 91.52+2.08 9.63+1.58 12.82+1.72 20.90+1.90 29.08+253
D mipinit 93.99+058  93.32+0.60 9.17+212 13.12+211 22934256  32.37+189
= | Improvement 1 2.08% 1+1.97% 14.75% 1 2.28% 19.73%  111.32%
@ MLPindom 96.26+0.11 95.63+0.15 5.38+1.32 8.76+1.37 15.86+0.31 24.70+1.11
> GNNiandom 95.84+013  95.38+0.15 6.62+100  10.39+104  18.55+160  26.88+1.95
2 | GNNunipinit 96.89+007  96.55+0.11 8.05+144  13.06+194  22.38+194  32.31+143
" | Improyement | _T110% _ 1122% _12163% _125.76% 1 20.63% _ 1 20.20%
Avg. 1 1.05% 11.10% 117.81% 1 20.97% 1 14.88% 1 10.46%

MLPInit improves the prediction performance for link

prediction task.
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Why Perform Well?

Loss Landscape:

OGB-arXiv

OGB-products
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MLPInit helps find better local minima for GNNs.
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Why Perform Well?

Weight distribution
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MLPInit produces more high-magnitude weights,
indicating better optimization of GNN.
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Thank you!

Xiaotian Han
Texas A&M University
han@tamu.edu
https://ahxt.github.io
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Paper: https://openreview.net/forum?id=P8YIphWNEGO

Code: https://github.com/snap-research/MLPInit-for-GNNs

Slides: https://ahxt.github.io/files/mlpinit slides.pdf
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