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= Shallow Methods

m Collective Classification

Outline = [ abel Propagation
= Deep Learning Methods

= Graph Neural Networks




Deep Learning Meets Graphs: Challenges

= Traditional DL is designed for simple grids or sequences
* CNN:s for fixed-size images/grids

«  RNNs for sequential data like text.
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Deep Learning Meets Graphs: Challenges

= Challenge with graphs

 Structure: nodes have arbitrary connections and neighbor sizes.
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Graph Our aim of GNNs Various loss functions

* Order: nodes lack a fixed ordering.
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Compare with CNN
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The General Architecture of GNNs

= GNNs iteratively compute node representations through two main components:

® Message Passing: Aggregates information from a node and its neighbors.

—_

message passing

= Feature Mapping: Transforms features into a new representation space.

I:J :.

node features feature mapping node features

at layer t —1 (via neural network)  at layer t



Formulation of the General Architecture of GNNs

® For a node v at layer t, the two key components GNNs are:

= Message Passing: m® — fmsp (h\ft),{hét” Uue N(V)})

v

r‘epr’esentation vector representation vectors

from previous layer for from previous layer for
node v node Vv’s neighbors

where hl(,t) represents the vector of node v at layer t, N(v) is the neighbors of node v,

fmsp() is the message passing function, and m,(,t) is the aggregation result,

(")

= Feature Mapping: h\le) = fmap(

where f,4, () is the feature mapping function.
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Various GNNs: Graph Convolutional Network (GCN)

" Message passing: ;) — Z h”
ueN (VYAV} \/| N[N (V)]

= Feature mapping: hv(”l) — G(W(t)m(t)) WO: weight matrix at layert
Y o(): nonlinear activation function

One line formulation of GCN by writing the above two operations together:

A: the adjacent matrix
H (t‘l)W(t‘l)) I: the identity matrix
A = A + I:the adjacent matrix with self-loops
D: the degree matrix of A
H: the matrix form of node embedding (i.e., h,,)
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Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint arXiv:1609.0295% .



A toy example of 2-layer GCN on a 4-node graph

= Computation graph

Message Feature
Passing Transformation Passing Transformation Reduction

Image from CS247 UCLA

(1)Message Feature 2) Set



Various GNNs: Simple Graph Convolution (SGC)

® Message passing (same as GCN):

h®
m\St) _ u
ueN%):u{v} \/| N ) ||N (V)]

= Feature mapping:

= Layer [I,K-I] ) — m®
v v

K K-1
= Layer K (same as GCN) h\f ) = mes )

Wu, F,, Souza, A., Zhang, T., Fifty, C., Yu, T., & Weinberger, K. (2019, May). Simplifying graph convolutional networks. In International
conference on machine learning (pp. 6861-6871). PMLR.
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Various GNNs: GraphSAGE

= Message passing:

(1) _ (1) (1) CONCAT(): the concatenation operator
m,” = CONCAT ( hv ’ {hu | Ue N(V)}) Note: the authors argues that CONCATY()

can be replaced by various ops, like ADD,
LSTM, MEAN, and Pool.

= Feature mapping (same as GCN):

h\ft+1) - (W(t) mét) )

Hamilton, W.,Ying, Z., & Leskovec, . (2017). Inductive representation learning on large graphs.Advances in neural information
processing systems, 30.



Various GNNs: Graph Attention Network (GAT)

= Message passing:

() _ (t)
m,’ = Z a,,h

vu" u

ueN (V) AV}

concat/avg O
>{ 7]
exp (LeakyReLU (&TT [WEzHWHJ]))
A5 = - 7
! > ken, €XD (LeakyReLU (ﬁ'T [thHth]))

® Feature mapping: the same as GCN.

h\EHl) _ G(W(t) rn\Et) )

Velickovic, P, Cucurull, G, Casanova, A., Romero, A, Lio, P, & Bengio,Y. (2017). Graph attention networks. arXiv preprint
arXiv:1710.10903.



A SOTA GNN: Optimized Simple Graph Convolution (OGC)

m The accuracy of OGC is SOTA

Method #Layer |  Cora Citeseer Pubmed
LP - T1.5 48.9 65.8
ManiReg - 39.5 60.1 70.7
GCN 2 81.5 70.3 79.0
APPNP 2 #3.3 71.8 80.1
Eigen-GCN 2 78.9L£ 0.7 66.5£0.3 78.610.1
GNN-LF/HF 2 84.0£0.2 723103 80.5+0.3
T C&S 3 84.6+0.5 750403 812404
'E NDLS 2 84.6£0.5 73.7x0.6 81.410.4
2  ChebNetll 2 83.7+03 72.8£0.2 80.510.2
= OAGS 2 83.9£0.5 73.710.7 81.91+0.9
JKNet 4,16, 32} 827 x04 T73.0x05 779 £ 04
Incep 64,4,4} 82.8 12.3 79.5
GCNII 64,32, 16} 85.5£0.5 734 £ 0.6 80.2 £ 04
GRAND 8,2,5} 85.4104 754104 82.7x0.6
ACMP 8, 4,32} 84.9106 755+ 1.0 79.410.4
OGC (ours) > 2 869 0.0 77500 834100

[ State of the Art Node Classification on CiteSeer with Public Split: fixed 20 nodes per class

I State of the Art Node Classification on Cora with Public Split: fixed 20 nodes per class

li] State of the Art Node Classification on PubMed with Public Split: fixed 20 nodes per class

Wang, Z., Ding, H., Pan, L., Li, J., Gong, Z., & Philip, S. Y. (2024). From
cluster assumption to graph convolution: Graph-based semi-supervised

Recorded by Paperswithcode.com learning revisited. TNNLS.



A SOTA GNN: Optimized Simple Graph Convolution (OGC)

= The speed of OGC is very fast

Running on CPU Running on GPU
¢ Method Lavers/Iterations | Lavers/Iterations .
e ¥ Total y Total
2 4 H 16 32 64 2 4 B 16 32 64

E GCNII 08.02 234,60 54544 092361 155537 472932 BOB6.36| 4.60 10.76 29.64 54.08 20020 780.24( 107952
E GRAND|857.23 952.29 2809.84 4361.91 6225.39 15832.91|31039.57|35.45 70,99 274.95 2000.65 2961.7]1 6829.78|12263.54
E OGC 1.58 3.69 1.29 14.63 30.36 61.58 6hl.58 - -
g SGC 0.22  0.28 0.44 0.77 1.46 2.80 5.78| 0.52 052 0.55 0.61 (.70 (.82 3.59
£ §%GC 0.25 (.36 0.56 0.94 2.16 3.66 6b.88| 0.57 0.60 0.62 (.66 0.75 0.92 3.99
é" GGC 0.27 0.50 0.85 .60 3.10 602 10.26| 0.58 059 0.62 0.67 0.80 1.01 4.08
g GGCM 0.37 0.57 1.06 1.93 3.77 7.27 12.45| 0.60 0.63 0.64 (.69 (.85 1.09 4.35

Running time (seconds) on Pubmed.

OGC is 130 to 500 times more efficient than the best runner-up deep GNN:is.



How OGC works?

= Each layer of OGC includes two parts:

= Message passing (lazy graph convolution):

(1—,3)U-(k) 4 ,B Z Ui(k) B € (0,1):. the moving Probability that a node
i S \/l N(l) ” N( J) | moves to its neighbors in every period.
\ | Note: U is used to stand for node embedding
Same ;s GCN matrix to be consist with the paper.

= Supervised EmBedding (SEB):
— NeupS (=Y + ZNWT.

W is a label prediction function

Y is the original label information

Z(®) is the predicted soft labels at the k-th iteration
S is a diagonal matrix (for supervised label indicator)



One Line Formulation of OGC

At the each (i.e., k-th) layer, OGC can be formulated in one line:

UFHD) = [BD"7AD™7 + (1 — B)L,)UR — 1y, S(—Y + ZFYyw'T

L J
Y \ . )

Lazy Graph Convolution Supervised EmBedding (SEB)

For node classification, at the last (i.e., k-th) layer, OGC gets the label predictions:

e

Y &) from: Z(F) = R W



How to Train OGC: Less |Is More (LIM) Trick

= OGC is a shallow method, which means it does not need huge validation set. In the
learning process, it uses both train and validation sets as the supervised knowledge.

= Parameter learning objective: Supervised using additional labels from both the training and
validation sets.

= Parameter update objective: Performed solely on the training set, excluding the validation
set to avoid overfitting.

The core idea behind the LIM Trick is to enable Al models to learn from extensive supervised
datasets—including both training and validation data—while minimizing parameter updates to

prevent overfitting.



Pseudo-code of OGC

Algorithm 1 OGC

Input: Graph information (A and X)), the max iteration number K, and the label information of a
small node set Vr,
Output: The label predictions

I: Initialize U®) = X and k =0

2: repeat

3: k=k+1

4 Update W manually or by some automatic-differentiation toolboxes (Sect. 4.1)
5: Update U*) via (lazy) supervised graph convolution (Eq. 6)

6 Get the label predictions Y ®) from: Z(F) = B W

7: until Y *) converges or k > K

8: return Y (¥

OGC is very simple with only three steps (at each iteration):
|.  Update the label prediction function W

2. Update the node embedding results U

3. Get the label prediction results



More Types of GNNs

= Heterogeneous GNNs (HGNNs)
" Graph-Level GNNs
® Other Advanced GNNs (e.g., Transformers for graphs, GNN-based Autoencoders)



Thanks for your time.

QA.
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