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Motivation

- What is dynamic graph?
- An graph which change its node features, # nodes, and edge connectivities,
over time

- Why dynamic graph?
- Static graph is inefficient with large nodes when the graph varying
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Motivation

- Application examples
- Examplel) Messages between the users of an online community of
students from the University of California, Irvine.

- Predicting the relations between users from msg passings
- The number of messages decreases as times goes on.
- The relativity also decreases.
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Motivation

- Application examples

- Example2) Bitcoin-Alpha transactions
= Who-trusts-whom network of people who trade using Bitcoin-Alpha

2000

1800

1600

1400

1200

1000

800

# of transactions

600 |

400

200

0
1.28 1.3 1.32 1.3¢ 136 1.38 1.4 142 144 1.46
time %102

J. I. LMoL DINU

counts (log)

104 —

[y
o
w

=
o
N

[y
o
[

10°

evaluated means

counts (log}

104

—
o
w

=
o
[

=
o
i)

100

evaluated stds




Previous methods

- Laplacian eigenvectors based
= Matrix factorization (Roweis and Saul, 2000)
= DANE (Li et al., 2017)
- Random walk based
» Transition probabilities conditioned on history (Grover and Leskovec, 2016)
 CTDANE (Nguyen et al., 2018)
 NetWalk (Yu et al., 2018)
» Deep Learning based
 DynGEM (Goyal et al., 2017)
- Seo et al. 2016, Manessia et al. 2017, Narayan et al. 2018
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Proposed Method

GCN (Kipf and Welling, 2017)
- Attime ¢, [-th layer
- Adjacency matrix A; / Node embeddlng matrlx H( ) / Weight matrix W( )

. H(l+1) (A H(l)W(l)) where A, = D zAD 2, A=A+1,D = dlag(Z U)
- HY = X;: node feature
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Proposed Method

- EvolveGCN
- Attime ¢t =1

= Apimy Xy /ijl):n1 x p® [ Wl(l):p(l) x p(+1)

- Attime ¢t = 2

v Aping Xy [ HPinp xp@ 1V p® x pt+D)
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Proposed Method

. Use the RNN to regulate the GCN model at every step
- RNN updates the weights Wt(l) of GCN based on the current information

- Only RNN parameters are trained, not GCN

- Note that the dimension of adjacency matrix does not decrease

= n1<n2:n3

Node embedding

Node embedding

Node embedding

(= GCN | i) & GCN 2 i) (- GCN 3 )
Layer 2 weights RN 2 +| Layer 2 weights a2 +| Layer 2 weights
Layer 1 weights it Layer 1 weights — Layer 1 weights

& : >/ = : iy T =/

A S 3
\ /,\.'/ \‘—“ =
s B € Vg 3 n; 3 M3
s ® d &
Time | Time 2 Time 3

J. Y. Choi. SNU



Proposed Method @ Gclm B

Layer 2 weights

Layer 1 weights

. Two types of EvolveGCN ——

- EvolveGCN-H
= Treating as a hidden state
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- EvolveGCN-O

- Treating as an output
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Proposed Method

. Two types of EvolveGCN

function H; = g( X, Hi—1)
- EvolveGCN-H T
. (1+1) 17(1) \ (1) yx-(1) Zy = sigmold(Wz Xy + Uz H—y + By)
f‘““‘-tl?:; [H,; J’I’i”] Z{EGGU‘HL’%:H e W) R, = sigmoid(WrX; + UgrH;_{ + Bpg)
Wi " = GRU(H, ", W) H, = tanh(Wy X, + Ut (Ry 0 Hi_y) + B
(+1) CCONV/(A H{” I—’V{H ¢ = tanh(Wgy X + Ug( tDH t—1) + Bg)
Ht — d (‘ ty Ly s V¥ ) Ht:(l—Zf}OHt—l—FZtDHt
end function .
end function

- EvolveGCN-O function H, = f(X)

Current input X, 1s the same as the past output H;_
F; = sigmoid(WpX; + UpHi—1 + Br)

I; =sigmod(W; X, + U H;,_1 + By)

Oy = sigmoid(Wo Xy + UpoHi—1 + Bo)

C; = tanh(We X, + UcHy—1 + Be)
C,=Fo0Ci_1+ 1,00,

H; = O; o tanh(C})

J. Y. Choi. SNU end function

function [HFH), Iﬁﬂ'i”] = EGCU-O(A,, Hf:', I-Vt“_}ll
W = LsTM(W, "))
gt — cconv(,, HY , wi)

end function



Experiments

- Datasets

= Bitcoin Alpha
- Who-trusts-whom network of people who trade using Bitcoin-Alpha
- Members of Bitcoin Alpha rate other members in a scale of -10 to +10 in steps of 1

- UC Irvine messages
- Messages between the users of an online community of students from the University
of California, Irvine.
- A node represents a user. A directed edge represents a sent message. Multiple
edges denote multiple messages.

- Social Network: Reddit Hyperlink Network
- The hyperlink network represents the directed connections between two subreddits
« Providing subreddit embeddings
- Being extracted from Reddit data of 2.5 years from Jan 2014 to April 2017.
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. # Nodes # Edges # Time Steps
Experiments I I I )

Bitcoin-Alpha 5,881 35,588 95/14/28
| UC Irvine msgs 1,899 59,835 62/9/17
- Results Reddit 55,863 858,490 122/18/34

- Link prediction

DynGEM dyngraph2vecAE dyngraph2vecAERNN EvolvGCN-H | EvolveGCN-O
GRU

BC-Alpha 0.0003  0.0001 0.0525 0.0507 0.1100 0.0049 0.0036
UCI 0.0251 0.0114 0.0209 0.0044 0.0205 0.0126 0.0270

- Edge classification

B GCN

B GCN-GRU

B EvolveGCN-H
B EvolveGCN-O

F1
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Conclusion

= Learning RNN instead of GCN for dynamic graph
= Dataset may not be appropriate

= Not impressive results
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- Requirements
Python 3.6 or higher
- Pytorch 1.0 or higher: https://pytorch.org/get-started/locally/
« Docker: https://docs.docker.com/get-docker/
« Nuvidia drivers: https://www.nvidia.com/Download/index.aspx?lang=en-us

. Installation
- Git repository
. git clone (F2)
- Build Docker
« sudo docker build -t gcn_env:latest docker-set-up/

. Start container

« sudo docker run -ti --shm-size=256m --gpus all -v $(pwd):/evolveGCN gcn_env:latest
SwrHZe|7F F55C= 20| LiE 22 5= A 2Lt (X 256MB)
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Usage
python run_exp.py --config_file ./path/to/configuration.yaml

E.g.) python run_exp.py --
config_file ./experiments/parameters_example.yaml

Dataset
README.mdO|| A= F=20|M O|O[EF OrA data/ E2EHO X AL
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Run_exp.py
Dataset &, A&e task, HIO|E LiF& HA(s
SFOUA ot 585 HEISI D A

K78t yamloh 20| A& E[0] QUL

PytorchOf| A Dataloade

S 0|82 847, BE[ZZAd= X[ &BHA
oF 5 5t= 12 2 0tLL (MO 2T A|[Z10]
NN forwarding AlZt2 EHO0{A gpu usage?t E=HHE 42 batch sizeE
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https.//pytorch.org/docs/1.1.0/ modules/torch/utils/data/dataloader.html

Training Training

Training - In GPU In GPU
In GPU

Data Data

Training .
In GPU Loading

Loading
in CPU in CPU

Data Data Data

Loading Loading Loading
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= O Start End
Splitter.py © Time | Time 2 Time 3
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Trainer.py

Trainer class
-> train( ): train/valid @& Z &SI, early stop T (early_stop_patience)
-> run_epoch(...): HIE® 29| forward, loss, optimizer &

-> predict(...): gcnO|A 7t 2 node embedding= classifier0l| & 0{ A
prediction 2f= & OFHC},
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Table 2: Performance of link prediction. Each column is one data set.

mean average precision mean reciprocal rank
SBM  BC-OTC BC-Alpha UCI AS SBM  BC-OTC BC-Alpha UCI AS

GCN 0.1987  0.0003 0.0003 0.0251 0.0003 | 0.0138  0.0023 0.0031 01141  0.0335
. . . GCN-GERU 0.1808  0.0001 0.0001 0.0114 00713 | 0.0119  0.0003 0.0004 0.0985 03388
LI n k P red I Ct I O n DynGEM 0.1680  0.0134 0.0525 0.0209 0.0529 | 0.0139  0.0921 0.1287 0.1055 0.1028
* dyngraph2vecAE 0.008 0.0090 0.0507 0.0044 0.0331 | 0.0079  0.0916 0.1478 0.0540 0.0698
. . dyngraph2vecAERNN 0.0220 0.0205 0.0711 0.1268 L 0.0713  0.0493

EvolveGCN-H 0.0026 0.0126 0153 F0.0141) 0.0690 0.0899

* B ItCOI na I p h d EvolveGCN-O L 0.0028 ! 0.0270 0.1139 RO0.0138) 0.0968 0.1379

* S B M 50 | Mean Avercge Precision Mean Reciprocal Rak

SBM Bitcoin-Alpha SBM Bitcoin-Alpha
EvolveGCN-H 0.18029 0.00453 0.01358 0.1133
EvolveGCN-O 0.1932 0.00229 0.01398 0.1064

o o . EvolveGCN-H
. Edge Classification
- Bitcoin alpha o
Precision
_ » Bitcoin-Alpha
EvolveGCN-H 0.91103
EvolveGCN-O 0.91561
B_E—Alpha
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