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« With the emergence of the complex network * Find discriminative subgraphs using the minimum « The probability of each discriminative subgraph « Use direct density-ratio estimation approach
9 P - D
(social media, sensor network, world wide web) description length (MDL) principle. S; in the current window with respect to the graph called Relative Unconstrained Least-Squares
the interest in graph mining has increased. * Discriminative subgraph is the one that minimizes : G; is: Importance Fitting (RuLSIF) [1].
« In a streaming scenario, the concept to be M(S,G) = DL(G|S) + DL(S) ry « The a-relative PE divergence (PE,) gives the
| | . . . _ ; _
learned might change over time. where G Is the entire graph, Sis the subgraph, DL(S) P(SilG) = o (1) estimate of change.
« We propose a three-step approach to detect is the description length of the subgraph, DL(G|S) is 2j=1Ts, o < R azn: ) 12": N
concept-drift detection on the graph streams:- the description length of G after compressing it using  Entropy of the window based on subgraphs w.r.t. @ I I I
 Subgraph Generation: - Find subgraphs S. | T i’:ms'i’?r” the graphs in W' is defined as: ( _ )
(discriminative) for graphs in the stream. | i/_ZI 5| where §(¥) = XL, 6, K(Y, ") and KW, 1) = exp =5
* Entropy Calculation: - Measures e(W) = z P(S )Z P(S;|G)log, P(S;|G;) (2) R —
distribution of current window in the graph o <I I '\[II T
stream by computing the entropy. I IVI wsi R where P(S;) :s thgfract/on of subgraphs S; in W | o EEEE Ceaadeen e
- Drift Detection: - Detect drift in the series of 2. 9 8 o — P(Si) =g 5, Nisthe total number of subgraph in W S R T
entropy ValueS by mOVing one Step fOrward Fig 2. lllustration of discriminative subgraph generation from graph stream Fig 3. Change detection setup on entropy sequence
in the sliding window.
Dataset and the Graph Structure  Experiment
- -  Each experiment is run 50 times by randomizin
Research Objective ) ¢ S DY Tantomizing
the graphs in the streams keeping the drift point
Design a state-of-the-art concept-drift detection Graph Stream % of Graph in Drift 1 the same.
. . el c . .
method on graph streams. Synthetic Real World | Class A Class B | Points o * Using synthetic graph streams, the effect of the
el . . . .
SD1 1000 1000 1001 Fig 4. Positive and negative graph structure used F_ig 5 Graph structure of a DBLP W|r?dOW SiZ€ ‘W | 1S StUdled'
Methodoloc SD?2 3000 3000 every 10015f | in synthetic dataset citation network * Using the best W (W = 50), the performance of
Graph Stream step DSDD with GEM [3] and Zambon et al. [41 on 4
¢ . ‘b o DBLP 1000 1000 1001 ! different real-world datasets is compared.
- GI' D“ftTPmnt AIDS 1600 400 1601 O "\(0  For drift detection (step - 3), n =50, k=10, and a
e o Muta | 2401 1936 | 2402 | = 0.1 are used.
S, i Cit1o > N
Sub Graph | v |  Entropy " 5! Drift Detector DoS Attack | 2979 221 | 2980 -
Generator Calculator :
Fig 1. Methodology for Concept Drift Detection Table 1. Total graph in graph stream dataset and the drift point " CO“C' USIOn
Fig 6. Chemical compound and its graph structure in IAM . . .
benchmark dataset * Proposed a novel unsupervised algorithm for drift
Algorithm detection on graph streams called
—_ Discriminative Subgraph-based Drift
oriunm 1: piscriminative subgra -Dase Il cLecClor -
DSDD) P Detection (DSDD).
Input: Window Size = W 42 Methods PR | Pep | AT * Performed several experiments on synthetic as
Graph Stream Gs ={G1, Gz, ..., Gis ..} . . DBLP Citation Network well as real-world data.
Output: Drift Points, False Alarm g 4.0+ T | l | ) | . DSDD 1.0 011924 1916 | 114 0.24 : :
1 Sett=0,n=50k=10,a=0.1, fold = 5 2 [ T T I AL T TR f ey o olame sseline  ois * |t outperformed both baseline approaches in term
» Initialize 3.8 7 | Zambon et. al. | 1.0 0| 4375 - 008 008 of the DoD.
w =1 }: Holds sub h and thei in G AIDS . .
z ]Sl)rift{z}[] 0lds subgraph and their count in Gt 3.6 7 DSDD 1.0 0] 17.48 1923 | 1.11 0.23 « Similar DDR and FA1000 with Zambon et. al.
s tpuffer — (2n+k—1) Time, & el |10 ol MRS » In conclusion, the unsupervised nature of DSDD
6 Inext < (2n+k—1) Mutagenicity makes it a more robust in a streaming scenario.
7 while not end of stream do 51 DSDD 1.0 0228 2063 |0.60 0.18
3 Fet+1 v, " A’\t’\w . | GEM 0.46 050 | 124.12 161.0 | 1.37 0.42
10 Sw < SwUS; //update §,, with new subgraphs %3_ u Pl WV h [’ } /V\ DSDD L(I;Jetwm;)k [)zcls_;ztta;l;.% 081 095 FUture DIrGCtlons
1 ift>=W then 52 | N | | cem 1.0 0492  163|11.05 298 * Investigate the scalability of our approach.
; e W | 1- Zombonetal |10 01625 12065 00% « Use our drift detection approach along with other
13 eli] < getWindowEntropy(Sw) //using Eq. 2 N Table 2: Result obtained by DSDD and baseline methods : : . .
14 if i >= tyyffer and i == inext then - . | N on real-world datasets learning models and investigate if the accuracy
: . ig 7. Ent iCi ri ion ion), " .
1 ecur < eli = tpuffer : ] Xeaxis represents time. The vertical black lines in the entropy plot are the real arit poit. The black plof on the change Folot Anomalios o torsand tme staa) L C1Coror: FATA00 of the learning model can be improved by
16 PE, < getChangeScore(ecyr,n, k.a,fold) score plot is the threshold and vertical dotted blue lines are the detected drift points. . . .
~ if PE, > 1 then effectively detecting the drift.
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