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Introduction

* WS-flex
- System 2t 0| A neural network 0| 4.5- WS-flex graph
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Neural Networks as Relational Graphs

« Graph?! message exchange
= Node set: V = {vq, -+, v, }. Edge set: € C

{(vi, vj) v, v; € V} f1(x1)
- Node v+ scalar/vector x, = feature 2 7 &
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Neural Networks as Relational Graphs

« Width7} 2273 =l multi-layer perceptron(MLP)2] relational graph@}
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Neural Networks as Relational Graphs

» General neural network2| relational graph@}
» 7t width MLP
-5, = 6% ey Wy P P} BE 7Hs
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Exploring/Generating Relational Graphs

* Graph measures
- Global graph measure 2M]| average path measure 0| &

- Local graph measure 2M| clustering coefficient O &
« Graph generator2| design
- Classic graph generator2| 3% X|2HEl graphTh &4 7t

- ER model: Node, edge2| 7} =Z uniform?t & 2 £ random
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Exploring/Generating Relational Graphs

« Graph generator2| design

- Classic graph generator2| 4%
M|etEl graph Bt M 7t

- BA model: scale-free graph ‘8
7ts

- Harary model: Connectivity 7}
maximize = (X2 742
edges 7 X|=) graph ‘&
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Exploring/Generating Relational Graphs

« Graph generator2| design

- WS-flex graph generator

- WS model= constraint= relaxing A|Z 2 M generalize

- 52 HRO| graph Hd 7t
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Exploring/Generating Relational Graphs

« Graph generator2| design
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Experiments

« Experimental Setup

» Base Architectures

- CIFAR10 experiments (50K training images, 10K validation images)
'+ 51270 2] hidden unit= 0| 5-layer MLPO| 2 X235 A
'« Input: 3072-dimension2| vector £ flatten =l (32X32X3)2| image

- Output: 10-dimension(class 7} =)

= 1289 batch size 2 200 epoch 2t train

'+ Cosine learning rate scheduling AFE, learning rate: 0.1 -> 02 = anneal, restarting 3 =
'+ 570 2| random seed& O|&5}t0{ Af|&sStl, O] =2 H Z1HE report
- ImageNet experiment
:': ResNet-34, ResNet-34-sep, ResNet-50, EfficientNet-B0, simple 8-layer CNN o|&
'+ 256/5122] batch size 2 100 epoch?! train
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Experiments

« Experimental Setup

- Exploration with Relational Graphs

- B = dense layer=(linear layer, 3X3/1X1 convolution layer)= relational graph = x| 2t

- Down-sampling, skip connections 2| @A T X E H7 57| #I5tY input/output layer=

HA| 7| X
- CIFAR-10 MLP 9| Z
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1 dimension of data

Vector: multiple
dimensions of data

Tensor: multiple
channels of data

Tensor: multiple
channels of data

Tensor: multiple
channels of data
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Experiments

» Results

a 5-layer MLP on CIFAR-10

4.5 1

Average Path Length (L)
NN W W A
o (&) o (&) o

-
(&)
1

-t
o

b Measures vs Performance

33.4
_332
£33.0
w328
4326 R AR
o AR
324 1"' '-",',L_A

32.2

329.0 15 20 2L.5 30 35

33.2
33.0
gsz.s
Ox6
2324
322
32,0

©
o

32.0

0.2 0.4 0.6

0
Clustering Coefficient (C

325 33.0
Top-1 Error (%)

! 00 02 04 06 08
1.0 C

Complete graph Top-1 Error:
33.34 + 0.36

Best graph Top-1 Error:
32.05 +0.14

Z} graph Of| Clustering coefficient (C), average path length (L)0|| [L}2 top-1 error heat map S 2 L}E}'H

Pl L n A

M S0GANG UNIVERSITY

15



Experiments

» Results

= A sweet spot for top neural networks
- @ A2 == complete graphOi| H|SH & £2 52| graph +27F EXNE H
- CIFAR-102| B2 1.4%0 =11, ImageNet2| A2 0.5%0AM 1.2%0H 52 et £ 2 ¢
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Experiments

» Results

- Neural network performance as a smooth function over graph measures
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= Consistency across architectures

smooth graph9| s
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: CHE
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Experiments

» Results

= Quickly identifying a sweet spot
-2 =Zo| Jf=F =0|= §
5270 2| bin= 394270 2| graph®| performance 25+ O| 200 LSHA| Qf = HHE
-+ Bin LI 52| heat maps E 2 TH2 0| 2510 5271 2] bin A&
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Experiments

* Results
= Quickly identifying a sweet spot

Subset of Graphs vs. All Graphs
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Experiments

» Results

» Network science and neuroscience connections

- Network science
- o path length7} 2 2 2 215 message exchange efficiency/} F O = UF
= U-shape correlation2t 2| trade of 7| S = US

- Neuroscience
'« Top artificial neural network 2| graph measure”} biological neural network 2} = Al

: ‘== 2| neural networkE 5-layer MLPZ S| &, complete graph 2L} =2 H2t e H

Graph Path (L) Clustering (C) CIFAR-10 Error (%)
Complete graph 1.00 1.00 33.34 £ 0.36

Cat cortex 1.81 0.55 33.01 £ 0.22
Macaque visual cortex 1.73 0.53 32.78 £ 0.21
Macaque whole cortex 2.38 0.46 32.77 £ 0.14
Consistent sweet spot 1.82-228  0.43-0.50 32.50 + 0.33
across neural architectures

Best 5-layer MLP 2.48 0.45 32.05 £ 0.14
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Discussion and Conclusion

* Discussion

- Hierarchical graph structure of neural networks
- Neural network= hierarchical graph 2 E M 2| LA =l £/d-Z generalizeSt 1A} &
- Efficient implementation
- A%l implementation= CUDA kernel2 0| &5} weight masking 0| 2| =&t
- O| = complete graphOj| H|3H =2l £ FEHE
- 0|2X ¢l FLOP2 &N gain2te| 1| 2| & QLOH7| IS A T
= Prior vs Learning
|ZH A E

A
Bs X7 flet = A0

- Graph structure & hard-wiring= & o A&
- 0| & &dllM 50| E2 MLPE &= &
= Unified view of Graph Neural Networks(GNN) and general neural architectures
- Neural network = message exchangeiw A 2lst= 7|'E 2 Kipfe| GCN= H| 23t 0 2
GNNO|M F&S 2ot M E A=
- C_}INN._ graph structureZ} input 2 £ AFE E| 11 message functio= 0| 2= edge0| CHSHO

S I|= E Y5t neural architecture2} 8 = AU S
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Discussion and Conclusion

e Conclusion

- CIFAR-10, ImageNet dataset= O|-2 5} 0| neural network graph2| Tt Z= 7} predictive
performance0]| FeHS O|X|=X| 2QISIH 11 O|= graph measureS 0| kS 22

|
- Relational graph°| “Sweet spot”= 0| &3S0 computational budgetO| control =l
HEO| A =2 performances €=

- Neural network 2| performance= clustering coefficient@} &E path length2| smooth
function(F2to| O|& 7S¢t e=)0|| A}

- Lt Y2t architecture= 1 datasetOfl & 7t

- X M2t E graph 1S graph measured| 2} FO| 2 2 S sweet spotO| 2t
otdl, O| & &OtLf&= Ol= R 7FX| sample relational graphﬂ M2 epoch?
training?t= HR =

- Performance’} -2 neural network= =& A = A& X| M ==2| neural network 1t
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