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Motivation ,
[ Graph representations ]

Real networks Networks built on similarities

Objective: Learn values or labels of nodes from a subset; as e.g., in citation networks

Challenges: Graphs can be huge, and nodes are scarcely labeled

» Due to privacy, cost of battery, (un) reliable human annotators ...

E. D. Kolaczyk, Statistical Analysis of Network Data, Springer, 2009. 2



Problem statement

Q Graph G := {V)g} B
» Weighted adjacency matrix W N /P
> Llabel y; € Yernode v; T -

O Topology given or identifiable . “/ .
» Given in e.g. WSNs and social nets f X . =i S

» ldentifiable via e.g., nodal similarities

Goal: Given labelsin £ Gl , infer unlabeled nodes in U:=V\L %
NP-HARD!

G. B. Giannakis, Y. Shen, and G. V. Karanikolas “Topology Identification and Learning over Graphs:
Accounting for Nonlinearities and Dynamics,” Proceedings of the IEEE, vol. 106, pp. 787-807, May 2018°




Work in context

 Transductive semi-supervised learning (SSL) on graphs

>

>
>
>
>

Graph partitioning [Joachims et al‘03]

Manifold regularization [Belkin et al‘06]

Label propagation [Zhu et al’03, Bengio et al‘06]
Bootstrapped label propagation [Cohen‘17]

Competitive infection models [Rosenfeld17]

1 Node embedding followed by vector classification
» Node2vec [Grover et al’16]

>

Planetoid [Yang et al‘16]

» Deepwalk [Perozzi et al‘14]

L Graph convolutional networks (GCNs)
» [Atwood et al‘16], [Kipf et al‘16] ...

Label propagation

mmmmmm

Z.Wu, S. Pan, F. Chen, G. Long, C. Zhang, and P. S. Yu, “A comprehensive survey
on graph neural networks,” IEEE Trans. Neural Nets. and Learning Systems, 2020.




SSL through random walks on graphs

Intuition: An unlabeled node strongly interconnected’ (thus influenced)
by labeled nodes of a class, likely belongs to that class

Model: Influences effected by k-hop paths follow k-step random walks (RW)

O Position X,_, of walker at hop k-1 on node j wp p§-k_1) = Pr{Xx_1 =7}

» Graph-guided transition probability

Pr{Xy =i|Xy_1=j} = wi/d; i

= [Ali; = [WD™j; f’ g;

O Step-k landing probabilities P\ = 3 ey Pr{Xy, = i| Xj—1 = j} Pr{X;_; = j}

p®) = Aptk—D = ... = Akp© = [p{" . pT

> [P™]; measures influence of given P onnode i after k steps




From landing probabilities to classification

O Max-likelihood classifier at node i Y; = argmaXccy [fc]i

Key idea: Model class pmfs  ufing landing pmfs {pPIE

O Random walk per class with pt" = AFpl¥) L.:={i €eL:y;=c}
[p(0>] { 1/|£c‘, 1€ L,

> Initial (“root”) pmf 0, else
: (K) ._
» Sparse A speeds up computations P = [pgl) p((:K)}
0 Weighted average of per-class Z p = P, 9 c SK

landing probabilities over K steps

» Valid pmf with K-dim probability simplex
K.={6cRE: 0>0 1T6=1}




Known members of the diffusion family

Special case 1: Personalized page rank (PPR) diffusion [Lin‘10]

f.(Oppr) = (1 — 1) Xpo P Bppr o (1= p) [+

» Pmf of (class-informative) RW with restart probability 1-u

Special case 2: Heat kernel (HK) diffusion [Chung’07]

fc(GHK) — et ch(:o %pgk) Opk = et [t %

» “Heat” flowing from roots after time t

O HK and PPR have fixed parameters that Jimit DoFs!

'MK}TU = (071)

[Our key contribution: Graph- and label-adaptive selection of




Adapting the diffusions

f. = arg min / )+ AR(f
Q Pmf matching with graph prior gfeRN (ye.,f) (f)

ye lii=1{i e L.}
» Loss on |abeled nodes Uy, ) = (’£|—1y£c _ f)TDTg(’Q_lycc —f)

» Regularizer tunes diffusion
to unlabeled nodes Z Z

zEV jeN;

( 7 f.?) fTD_lLD_lf

Q Scalable parametrization via f.(8) = P59, 6 S, K < N

~

> AdaDIF 0. = arg min Uyc,,f:(9)) + AR(£(6))

A

Q Linear-quadratic 6. = arg min 6'B.0 + 0'b,
0cSK

| " Differential” landing prob.
B, = (PEK))T (DzngK) 4 )\ngk) pngrl)




AdaDIF in a nutshell

) = AFp{?
{(pYK

: Adapting 0, Label
: pg’“) = A'“pf,o) Diffusions 0, 1 Prediction
: f ‘
{ps" He, K)g
f, = P09,

D. K. Berberidis, A. Nikolakopoulos, and G. B. Giannakis, "Adaptive Diffusions for Scalable Learning over
Graphs," IEEE Transactions on Signal Processing, vol. 67, no. 5, pp. 1307-1321, March 2019.



Interpretation and complexity

PPR
—— HK

—=— AdaDIF

0.4

~

0. = arg em‘isn Uyc,,£.(0)) + AR(£.(0)) 03|
e K

Ok

Q For A — oo (smoothness-only), 8. — ex
» Weight concentrates on last landing prob. ;|

Q For A — 0 (fit-only) 0
» Weight concentrates on first few landing probs

0 2 4 6 8 10 12 14 16 18

» Intuition: very short walks visit similarly labeled nodes

O AdaDIF targets a “sweet-spot” between the two
» Simplex constraint promotes sparsity on 0

Q IfK < |€]/N, per-class complexity O(|€]|K) is low thanks to sparsity of A
» Same as non-adaptive HK and PPR; also parallelizable across classes
» Reflect on PPR and Google ... just avoid K >>

10
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Constrained and unconstrained AdaDIF

O Dictionary of D << K diffusions
£.(0) =YK ar(0)p =Pa() =P C o

C .= [Cl---cD] c REXD

» Dictionary may include PPR, HK, and more
> Complexity O(|E|(K + D)) evenwhen K > |E|/N

0 Unconstrained diffusions (relax simplex constraints 6, ¢ R)
» Retain hyperplane constraint to avoid all-zero solution
» Closed-form solution

n _p-1 Y « 1B 'b.—1
b =12 (b —Jt 1 AT = bTB; 'b,

11



On the choice of K

Theorem. For AdaDIF classifying two 7-distinguishable classes, K is bounded as

d = min d;, dmin_ ;= min d;, d ;= maxd; an ‘= min 2 —
min + - Y 72y Umin el 7y Wmax Rty a dli {HQ; MN}

{bn}n=1 eigenvalues of the normalized graph Laplacian in ascending order.

Take home: Too large K can compromise performance due to over-parametrization

BlogCatalog

60 *
50 —-—
40
30

U In a practical setup

W

30% 40% 50%

Sampled Nodes

D. K. Berberidis, A. Nikolakopoulos, and G. B. Giannakis, "Adaptive Diffusions for Scalable Learning over
Graphs," IEEE Transactions on Signal Processing, vol. 67, no. 5, pp. 1307-1321, March 2019. 12



Contributions and comparisons

AdaDIF vis-a-vis graph filters [Sandryhaila-Moura‘'13, Chen et al‘14]

O Different losses and regularizers, including those for outlier resilience
O Multiple class case readily addressed with AdaDIF

O AdaDIF’s simplex constraint reduces the search space

O Principled means of selecting K based on graph parameters

AdaDIF vis-a-vis GCNs [Atwood et al‘16], [Kipf et al‘16] ... [Gama-Marques-Leus-Ribeiro’19] ...

0 Small number of constrained parameters: less prone to overfitting
» Simpler and easily parallelizable training: no back propagation

O No feature inputs needed: operates naturally on graph-only settings

13



Real data tests

Graph V| & |YV|  Multi-label
J  Real graphs Citeseer 3233 9464 6 No
> Citation networks Cora 2,708 10,858 7 No
PubMed 19.717 88,676 3 No
» Blog networks PPI (H. Sapiens) 3,890 76,584 50 Yes
. : Wikipedia 4,733 184,182 40 Yes
» Protein interaction network BlogCatalog 10312 333983 39 Yes
__ o . precision-recall _ 2-true positive
F1 score = 2 precision+recall =~ 2-true positive{false positive+false negative
72
» Micro-F1: performance influenced -
more by large-size classes 3 68
> Macro-F1: high when good performance 7 o
attained across classes of variable sizes £ *
62 3 PPR
O PPR and HK rely on K =30 for convergence A
» AdaDIF needs just K=15 BT 10 15 20 % 30

# of landing probabilities (K)

14




‘ Multiclass graphs: Single label per node

d State-of-the-art performance with a few labeled nodes

» Large margin improvement over the Citeseer dataset

Graph Cora Citeseer PubMed
|V 2.5% 5% 10% 2.5% 5% 10% 0.25% 0.5% 1.0%
AdaDIF 705+24 737+17 770+10 519+£09 551+1.0 586+07 728+24 T7614+08 76505
PPR 69.8+25 733+14 T7T0+£1.0 497+22 530+£15 575+£08 Tl4+26 T44+11 T76.0+£08
[Tr HK 700+24 735+£18 76.7+12 500+£21 535%15 57.3+09 728426 75110 76.8+0.7
g Node2vec 69.5+18 73.0+£1.6 755+14 46027 497+17 521+14 T728+28 T48+16 T51+14
S Deepwalk 682+25 7214+1.8 749+12 450+24 485417 51.2+12 724+£26 738+13 T45+1.2
Planetoid-G ~ 62.5+5.1 67.3+43 758+11 43.04+£18 468+19 552413 634+37 652+20 67.8+1.5
GCN 583+4.0 66.5+2.1 71.3+1.7 389+£27 445420 503+£1.6 57.7+34 64527 T700+15
AdaDIF 69.0+23 723+18 757+12 466+11 496+16 539+10 715+25 742+07 752+08
PPR 66.7+42 T71.8+1.6 75.3+1.1 441+20 484+15 535+£08 69.5+26 728+1.1 7474038
= HK 67.1+42 7214+19 755+£14 448+20 489+15 537+£1.0 T1.0£26 T35+£11 756408
g Node2vec 67.1+£26 71.6+1.8 740£13 426=x25 466+1.7 487+£13 T703£32 73.0£18 T35+£14
§ Deepwalk 66.1+£3.2 705+21 738+14 416+24 455+£15 485+£12 700£32 T20+£17 T31+£13
Planetoid-G =~ 58.0+5.1 643+43 743+16 374+£21 41622 520+24 61.0£39 63.7+£3.0 652+20
GCN 520+6.8 61.9+26 648+19 33.0+£30 392+17 433416 521+44 602+39 653122

15



‘ Multiclass and multilabel graphs

d Number of labels per node assumed known (typical)

> Evaluate accuracy of top-ranking classes

Graph PPI BlogCatalog Wikipedia

1Z|/|V| 10% 20% 30% 10% 20% 30% 10% 20% 30%

AdaDIF 154+05 179+0.7 192+06 31.5+06 344+05 363+04 282+09 300+05 31.2+0.7
= PPR 138+05 158+06 17.0+04 21.1+08 236+06 252+06 105+15 81+0.7 72405
£ HK 145+05 16.7+£06 181+05 2224+1.0 24.7+£0.7 266+07 93+14 73+0.7 6.0 £0.7
= Node2vec 16.5=06 182+03 191+03 350x03 363+£03 372+02 423+09 440%06 451+04

Deepwalk  16.0 £ 0.6 17.9+0.5 188+04 342+04 35.7x0.3 364+04 41.04+08 4354+05 441+0.5
_ AdaDIF 134+06 154+07 165+07 230+06 253+04 270+04 7.7+03 83+03 9.0+0.2
. PPR 129+04 14.7+05 158+04 173+05 195+04 208+03 44403 38+0.6 36+0.2
é HK 134+06 154+05 165+04 184406 20704 223404 42404 3705 35+02
‘E-“ Node2vec 13.1 +0.6 152+ 0.5 16.0 £ 0.5 16.8 £ 0.5 19.0£0.3 20.1+04 7.6+ 0.3 82+0.3 8.5+0.3

Deepwalk 12.7+0.7 151+06 160+05 166=+05 18705 196+04 7.3+0.3 8.1+0.2 82+0.2

d AdaDIF approaches Node2vec Micro-F1 accuracy for PPl and BlogCatalog

> Significant improvement over non-adaptive PPR and HK for all graphs

 Surprisingly, AdaDIF outperforms state-of-the-art Macro-F1 performance

16



Runtime comparison

J AdaDIF can afford much lower runtimes

» Even without parallelization!

104

Relative Runtime
= —_
o o
] (%]

[Em—Y
o
—

p—t
-]
o

mm AdaDIF ——GCN
B Node2vec 1 Planetoid-G

Cora

Citeseer PubMed
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Robust AdaDIF via leave-one-out fitting loss

O Quantifies how well each labeled node is predicted by the rest
c 1 — . 2
lon(Yeo0) =) — (1€ [yedi = [fe(6; £\ )];)
icL "
O Predicted pmfs obtained via |£| random walks at complexity O(|£|K|&|)

6. = arg min (¢ ,0) + X\o||0]]5
g uin (v, 0) + Aol0]

[P, ] e L
c —3 —1 (K) 2 (K) Peoif,» P e
Crob (Y., 0) = [[D, (|£| yc. — Re 9) I3[R ]k .

[pgk)] E else

(]

O Model outliers as large residuals, identify them by nnz entries of sparse o,

~ _1
(.0} cey = arg min > [0, (ye. +0c,0c) + Ag6c[3] + AolDz 2Oy

6.csK
OSERN CGJJ

0\ — arg min (o (ve, + 6™V 0) + X032 O = SoftThresy, (?(ﬂ)
c

C

Q ID and remove outliers from £ before predicting U

18



Macro-F1 Score (%)

Classification performance with anomalies

L Anomalies injected in Cora graph

> Perentry [yz], = c, replace c with ¢’ ~ Unif{) \ ¢} wp Pcor

O With A, > Qand  Pcor >atturacy improves after outliers are removed

728

70

68

66

64

62

60

> Lower accuracy for  Pcor =tn0@ anomalies), since useful samples are removed

r-AdaDIF
—&- AdaDIF
PPR
—o— HK

74
72|
—~ 70

X
2 68

S

73]
T 66

2
= 64

r-AdaDIF =
—a— AdaDIF 62

PPR

—o— HK 60
0.05 0.1 0.15 0.2 0.25 0.3 0.55 0

Label corruption rate peor

0.05 0.1 0.15 0.2 0.25 0.3 0.35

Label corruption rate peor
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Anomaly detection performance

1 =

0.8
0.6
&
0.4
2 pCOI‘ — 015
£ Pcor = 0.05
i
() -
0 01 02 03 04 05 06 07 08 09

Dra

(d ROC curve: Probability of detection vs probability of false alarms

» As expected, performance improves as Hesreases

1

20



From classification to top-R recommendations

- ™ ™

- ™ - - ] - -
& L b
i e » - ™ -

e}
i ™ '™ e i -

s
o ,

o & b b & L b

s &a s &

- “hb bb P
ﬁ
~J

Goal: Given sets of U users, / items, and a U x | user-item interaction matrix B
(e.g., ratings), find per user u, an / x 1 recommendation (pmf) vector 7

Idea: Ratings are intimately related with item-item graph connectivity

biu=Zaijbju+vw, b, =B_;a; +v;, 1=1,...,1
J7Fe
» ldentify item-item adjacency A (its columns in parallel!)

a; = arg min, s [|b; — B_sal|3 +v1[lali +2llall3

» Normalize predicted ratings, and recommend i-th item wp [7u]i = a, by /||bull1

X. Ning and G. Karypis, “SLIM: Sparse linear methods for top-n recommender systems,”

Proc. of Intl. Conf. on Data Mining, Vancouver, Canada, Dec. 2011, pp. 497-506. 21



Random walks on item-item graphs

Motivation: Go beyond neighboring interactions to broaden item-space coverage

(0)

One idea: Use m,’ = b, /||b, ||1as prior to start an A-based random walk (RW)
K-step: i) = AKg{ pPR: PR =32 (1 )k Akgrl)

Challenge: Besides distinct initial items, users explore item-space differently

Better idea: Personalized (user-specific) item exploration process (PerDIF)

» Random walker u (with K biased coins) either follows A wp ,uq(})

(0) (1)

orrestartsas ™, " wp 1 — : then tosses 2" coin, and so on..

G(u) = A+ (1= p)wP1T = wll) = Gpy) - Gy

22



Learning personalized restart probabilities

O Among items rated by user u (red and blue), choose one (blue) to assign entry=1
in target h, € R \Wu 11 and select also unrated items (yellow) with entries=0

d Learn personalized probabilities (selection matrix E, € R\ +1)xT

[, = arg ming cpx [ EuG(ﬁng)) T G([LS))W,&O) —h, ||§

(0,1)

 Solve instead the convex surrogate

o(u,) = arg min&(uu)epffl f EuH&K+1)&5(Hm) —h, 3

¢ (1) =1 — pl @ — ) P ]

DEF —{peRET . 9pT1=1,¢ >0} O =[x Axl . AKxD)]

A.N. Nikolakopoulos, D. Berberidis, G. Karypis, G. B. Giannakis, “Personalized Diffusions for Top-N

Recommendation,” Proc. of ACM Intl. Conf. on Recommender Systems, Copenhagen, Denmark, Sept. 2019. 23



PerDIF algorithm in a nutshell

S1. Given interactions B, learn latent item-item adjacency matrix A

a; = arg mingcpe||b; — B_sal3 +mlal +llal3,  i=1....1

S2. Rely on a modified item-item transition matrix (captures ‘lazy’ steps)

A =A|LA + diag(1 - [A[|]AL)

- (K41 < <
form sparse HEL ) = [ﬂ'w(,ao), Aﬂ-?(,LO)a ceey AKTF&O)]

and solve for . C (K+1) ~ 5
qb(ll'u) — arg mln(}(“u)el)fil H EU u qb(l'l'u) o hu HQ

S3. Use backward substitution to obtain  vth complexity @(K)

S4. Arrive at the per-step and per-user pmf ng) = G(Mq(ﬁ)) T G(Mq(}))ﬂ'go)

24



NDCG @ 10

Comparisons

O Leave-one-out protocol: 1 held-out liked item versus 999 unseen items per user

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

Movielens Yahoo Movies&TV Books

B PureSVD mSLIM ® Mult-DAE = Mult-VAE m NAIS mPerDIF

L Baselines: PureSVD [Cremonesi et al’09], SLIM [Ning-Karypis’11],
Mult-DAE- Mult-VAE [Liang et al'18], NAIS [He et al'19]

25



\ PerDIF runtimes

Dataset (Uxl/) Learning A Time for all users Time per user
Movielens 1.4s 0.6s 0.1ms
(6,040x3,706)

Yahoo 1.3s 0.4s 0.1ms
(7,307x3,312)

Movies&TV 2.0s 1.3s 0.1ms
(10,039x5,400)

Books 40s 55s 1.3ms
(43,550x24,811)

Netflix 87m 5m 0.9ms

(480,189x17,770)

O Per-user fit in milliseconds!
» Orders of magnitude faster than most competing baselines

» Online tracking and adaptation to current user’s needs

26



Current research directions

O Investigate different losses and diverse regularizers

O Further boost accuracy with nonlinear diffusion models

 Effect reduced complexity and memory requirements via approximations

 Online AdaDIF for dynamic graphs

27
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