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Motivation |
[Graph representations]

Real networks Data similarities

Objective: Learn values or labels of graph nodes, as e.g., in citation networks

Challenges: Graphs can be huge and are scarcely labeled
> Due to privacy, cost of battery, (un) reliable human annotators ...




Problem statement

d Graph G := {V,&}
> Weighted adjacency matrix W
» Label 4, ¢ Y pernode v,

O Topology given or identifiable
» Givenin e.g. WSNs and social nets
> ldentifiable via e.g., nodal similarities

Goal: Given labels on £ C V learn unlabeled nodes U/ := V/,C CJ\.;
NP-HARD!




Work In context

d  Non-parametric semi-supervised learning (SSL) on graphs

>

Y V VYV V

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]

0 Node embedding + classification of vectors
> Node2vec [Grover et al '16]
> Planetoid [Yang et al ‘16 ]
> Deepwalk [Perozzi et al ‘14]

Graph convolutional networks (GCNSs)
> [Atwood et al ‘16], [ Kipf et al ‘16]
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Label propagation
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Random walks on graphs

' Position of random walker at step k: X, ¢
> Transition probabilities

Pl”{Xk — i’Xk_l — ]} — Ww/d]
= [H];; = [WD™'];

O Steady-state probs.
i = limg 0 2050 Pr{Xy = 1| Xo = 5} Pr{Xo = j} = 5%
> Presumes undirected, connected, and non-bipartite graphs
> Not informative for SSL

4 Step-k landing probabilities p,@ =2 ey Pr{Xg = i|Xo = j} Pr{Xo = j}
k k
p(k:) _ szp(o) — [pg )---pgv)]T

> Measure influence of p(?) on every node in ) - informative for SSL!




Landing probabilities for SSL

Q Random walk per class with p¥) = H*v,  p(¥) .— [pgl) pgK)}
> Initial (“root”) probability distribution Vi = 1/[Lc], i€ L.
o 0, else
> Per step landing probabilities found L.={i €L :y; =c)
by multiplying with sparse H
. . . K
3 Family of per-class diffusions £.(0) := Z 0.p*) = PUg. e SK

k=1

> Valid pmf with K-dim probability simplex
SE.={0cRE: 0>0, 1T0=1}

O Max-likelihood per-node classifier
7;(0) := argmax.cy [f.(0)];




Unifying diffusion-based SSL

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

k
£.(0ppr) = (1 — ) o8 ofp®™  Oppr = (1—a)[a---aX]", ae(0,1)
> Pmf of random walk with restart probability 1-a ; in steady-state

lim fc(gPPR) = (1 — oz) (I — OéH)_l
K—o0

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

s

t>0

f.(Ouk) =e* Zk 0 & (k) Onk :=e " |t %

> “Heat” flowing from roots after time t ; in steady-state

al

1HnK'—)oo fc(eHK) — 6_t(I_H)Vc

d HK and PPR have fixed parameters (¢, a)

[Our key contribution: Graph- and label-adaptive selection of 8. € SK]




Adaptive diffusions

f. = arg min {(y..,f) + AR(f)

feRN Normalized label
1 indicator vector
ye§) =3 (o 10° = (9.~ 0D {(5e) 1)
icl
Z > (i - &) = f'D LD 'f
zGV JjEN;

O AdaDIF scalable to large-scale graphs (K << N)

A

0 = arg min £(ye,,1e(6)) + AR(£:(9))

O Linear-quadratic .= arg min ' A.0 + 0" b,
0cSK

b, = —ﬁ(P((;K)fDZl}’.cc

“"Differential” landing prob.
_ (pENT (h-1p&) —1fp
A= (P (DE P:/ + D — plo) _ plkD)
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‘ AdaDIF in a nutshell

{P'E'k)};ff_'l

Adapting
Diffusions

Label
Prediction




Interpretation and complexity

PPR
—— HK
—=— AdaDIF

0.4

A

0. = arg min {(y,.,f.(0)) + AR(f.(9)) 03
0cSkK
d For \ — oo (smoothness-only), 9. s e, T o

> Weight concentrates on last landing prob.

0.1

d For A —0 (fit-only) 002 T % T8 10121
> Weight concentrates on first few landing probs g
> Intuition: very short walks visit similarly labeled nodes

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

Q fr < €|/ N, per-class complexity O(|£|Kk) thanks to sparsity of H
» Same as non-adaptive HK and PPR; also parallelizable across classes
» Reflect on PPR and Google ... just avoid K >>
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Boosting AdaDIF

[ Dictionary of D << K diffusions
£.(0)=55 a.(0)p =P a(e) =P Co

C = [c1---ep] € REXD

> Dictionary may include PPR, HK, and more
» Complexity O(|&|(K + D))

' Unconstrained diffusions (relax simplex constraints g. ¢ R)
> Retain hyperplane constraint to avoid all-zero solution
» Closed-form solution

0 _ A-—1 Y «  1TAT'b.—1
0.= A, (b.—\*"1) A = 5TA b,
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On the choice of K

Definition. Let P+ and P- denote respectively the seed vectors for nodes of )

class “+” and “-,” initializing the landing probability vectors in matrices X.:= Py
andX. _{pé” ~-p(K 2 <K“>] ¢ce{+,—} . Wity =X,0-X_0 yi=X,.0— X_H
and” , the -distinguishability threshold of the diffusion-based classifier

is the snfallest integer ||y -safisfying .

Theorem. For any diffusion-based classifier with coefficients 6 constrained to a
probability simplex of appropriate dimensions, it holds that

1 2vdmax 1 :
K < Iu— log |: (\/dmin_|£| _|_ \/dmin+|‘£’+|>i|

d = min d;. dyin— = min d;, d :— maxd,; an = min 2 —
min + - il iy Umin el 79 Umax e and ,U {,LL27 ,UN}

{in}n1 eigenvalues of the normalized graph Laplacian in ascending order.

4 Message: Increasing K does not help distinguishing between classes
> Large K may even degrade performance due to over-parametrization
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In practice

Sampled Nodes

BlogCatalog

13



Contributions and links with GSP

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
O AdaDif's simplex constraint can afford
» Random walk interpretation

» Search space reduction
O Rigorous analysis using basic graph properties

AdaDif vis-a-vis GCNs

Filter
Gain

1 ' Cutoff
y Freguency

Frequency

> Small number of constrained parameters: reduced overfitting

> Simpler and easily parallelizable training: no back propagation

> No feature inputs: operates naturally on graph-only settings
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Real data tests

d Real graphs
> Citation networks
> Blog networks

» Protein interaction network

F1 score — 9 . Precision-recall

precision+recall

> Micro-F1: node-centric accuracy measure =

Graph €] |Y|  Multi-label
Citeseer 3,233 9,464 6 No
Cora 2,708 10,858 7 No
PubMed 19,717 88,676 3 No
PPI (H. Sapiens) 3,890 76,584 50 Yes
Wikipedia 4,733 184,182 40 Yes
BlogCatalog 10,312 333,983 39 Yes

2-true positive

~ 2.true positive4false positive4false negative

» Macro-F1: class-centric accuracy measure :

Micro-F1 S

d HK and PR run with K =30 for convergence

» AdaDIF relies just on K=15

72

70

68

66

64

S

PPR
—— HK
—— AdaDIF

10 15 20 25 30
# of landing probabilities (K)
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‘ Multiclass graphs

O State-of-the-art performance

> Large margin improvement over Citeseer

Graph Cora Citeseer PubMed
\L|/V| 2.5% 5% 10% 2.5% 5% 10% 0.25% 0.5% 1.0%
AdaDIF 705+24 73717 770+£1.0 519£09 551+£1.0 586+£07 728+24 T761+08 76505
PPR 69.8+25 733+14 TT0+£1.0 49722 530£15 575+£08 Tl4£26 T44+£11 T76.0£08
= HK 700+24 735+£18 T76.7+12 500+£21 535%x15 57.3+09 728+26 751=+10 76.8=+0.7
g Node2vec 69.5+18 73.0+£1.6 755+£14 46027 497+£17 521+14 T728+28 T48+£16 THh1+14
= Deepwalk 68.2+25 721+18 749+12 450+24 485+17 512412 724+£26 738+13 T45+£1.2
Planetoid-G =~ 62.5+5.1 67.3+£43 758+11 43.0£18 468+19 5524+13 634=x3.7 652+£20 678+15
GCN 58.3+4.0 66.5+£2.1 71.3+1.7 389+£27 445+20 503+£1.6 57.7+34 64527 70.0+£1.5
AdaDIF 69.0+23 723+18 757+£12 466+11 49616 53910 T715+£25 T742+£07 752+08
PPR 66.7+4.2 T1.8+1.6 75.3+11 441+£20 484+15 535+£08 69.5+26 728+11 747408
= HK 67.1+42 721+19 755+£14 44820 489+£15 53710 TL0£26 T35x11 T756+08
g Node2vec 67.1+26 T71.6+18 T740+£13 426=+25 466+17 487+13 T703£32 T30+£18 T35+£14
‘é‘ Deepwalk 66.1+£3.2 705+21 738+14 416x24 455+£15 485+12 70.0£32 T20+£17 T31+£13
Planetoid-G =~ 58.0+5.1 643+43 T743+16 374+£21 41.6x22 520+24 61.0+£39 63.7£3.0 652420
GCN 520+6.8 61.9+26 648+19 33.0£30 392x+17 433+16 521+x44 602+39 653122
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‘ Multilabel graphs

] Number of labels per node assumed known (typical)
> Evaluate accuracy of top-ranking classes
(1 AdaDIF approaches Node2vec Micro-F1 accuracy for PPl and BlogCatalog
> Significant improvement over non-adaptive PPR and HK for all graphs
] AdaDIF achieves state-of-the-art Macro-F1 performance
Graph PPI BlogCatalog Wikipedia
|L]/|V 10% 20% 30% 10% 20% 30% 10% 20% 30%
AdaDIF 154+05 179+£07 192+06 31506 344+05 36.3£04 282+09 30005 31.24+0.7
EI PPR 13.8+05 158+£06 17004 21.1+£08 23.6x£06 252+0.6 10515 8.1+£0.7 72+£0.5
g HK 145+05 16706 181405 222410 24707 26.6+£0.7 93+14 7.3+£0.7 6.0£0.7
= Node2vec 165+06 182+03 191+03 350+03 363+03 372+02 423+09 440+£06 451+04
Deepwalk  16.0 + 0.6 17.9+0.5 18.8+04 3424+04 35.74+0.3 364+04 41.04+0.8 435+ 0.5 4414+ 0.5
AdaDIF 134+£06 154+07 165+0.7 23.0x06 253+04 270404 7.7+£0.3 83+0.3 9.0+0.2
“—r PPR 1294+04 14.7+£05 158+04 17.3x£05 19504 208+0.3 4440.3 3.8+£0.6 3.6 £0.2
g HK 134+£06 154+05 165+04 1844+06 20704 223+£04 42404 3.7x£0.5 3.5+£0.2
é Node2vec 13.1+06 152+05 16.0+05 16.84+0.5 19.0£03 20.1+£04 7.6 0.3 8.2+0.3 8.5+0.3
Deepwalk 12707 15.1+06 16.0+05 16.64+0.5 18705 196+04 7.3+£0.3 8.1+0.2 8.2+0.2
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Runtime comparison

O AdaDIF can afford much lower runtimes

> Even without parallelization!

Relative Runtime

104
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o

mm AdaDIF T GCN
I Node2vec 1 Planetoid-G

Cora

|
Citeseer PubMed
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Leave-one-out fitting loss

' Quantifies how well each (labeled) node is predicted by the rest

1 .
(ye. 0) =3 — (e — [£(6:£1,9),)°
iel "
4 f.(0; L\ i)'s obtained via |£| different random walks ( O(|£|K|€]))

fcw;ﬁ\i)_{ fc(;ffc)’\i), z:eﬁc (8; L\ ) Zekpﬁ \i

{1/|£\\ je€Le\t

else

O Compact form [ (k) } ,

rob (Y., 0) == [|D.? (5’50 - REK)H) 13 [Rc }k o

d Diffusion parameters

AN

2
0. —argemégfrob(yzc, 0) + X ||0|5
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Anomaly identification - removal
[ Model outliers as large residuals, captured by nnz entries of sparse vec. g ¢ R¥Y
lion(ye.,0,0) = D7 (0+ye, ~ REIO) |3
3 Joint optimization
(0,6 ecy = arg min Y [ (¥, 00,00) + A 0cll3] + Ao DOl

OCZ?EN cey Group sparsity on
: ~ (t t—1 |
d While, Hg(c ) ( )HOO <e Vee) iterate: i.e., force consensus among

classes regarding which
nodes are outliers

9(t) —arg min (¢, (yz, + 060D, 0) + \g||0]2
0cSK

C

O =SoftThres), (?(t))

/ >

\ Residuals Row-wise soft-thresholding

Y = [yﬁ” y|(y)|} Z = Soft Thresy_(X)

70 =y, —RIOGY 2 = [Ixila[l = Ao/ (2]xil|2)]+
O Alternating minimization converges to stationary point

' Remove outliers s .= {j € £ : ||[0];.||]» > 0} from £ and predict 74 using {§_1 ..,
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Macro-F1 Score (%)

Testing classification performance
d Anomalies injected in Cora graph
> Go through each entry [y,]. = ¢ of y,
> With probability p... draw a label ¢ ~ Unif{Y \ c}
> Replace ye], <

d For fixed )\, > 0, accuracy with p.., > 0 improves as false samples are removed
> Less accuracy for Deor = () (no anomalies), only useful samples removed (false alarms)

72 74
70 72|
68 2 70
S 68
66 S
wn
— 66
64 ﬁg
—
= 64
62 r-AdaDIF = r-AdaDIF
—=— AdaDIF 62| |—8— AdaDIF
60 PPR PPR
—— HK 60 —o— HK
580 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Label corruption rate peor

Label corruption rate peor
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Testing anomaly detection performance

[ ROC curve: Probability of detection vs probability of false alarms
» As expected, performance improves as p.,, decreases

1 — %
0.8
0.6
(=)
Y
0.4} i
0.2 //// —— Peor = 0.35 | -
i Deor = 0.15
o Pcor = 0.05
0 P: i | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Pra
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Research outlook

d Investigate different losses and diverse regularizers

[ Further boost accuracy with nonlinear diffusion models

d Effect reduced complexity and memory requirements via approximations

A Online AdaDIF for dynamic graphs

Thank you!
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