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Motivation: Personalized Search
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Result Preview
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Personalized PageRank
Given source s, target ¢, and ‘teleport probability’ o
- Start a random walk from s.
- At each step, stop with probability «, else continue.
Then Personalized PageRank from s to t is given by:

7s(t) = P |Walk from s stops at t]

e Equivalent to eigenvector/stationary distribution definitions
e FAST-PPR allows arbitrary starting set, e.g.

random s € V = Global PageRank
random s € S = personalize to S



Goal

Given «, start node s, single , threshold ¢
estimate
s (1)

when 74(t) > 0
e Natural primitive for personalized search

e Want only 7,(t), not entire 7, vector.

e Since average of g is %, we want 0 ~ % For real-

time, running time must be be < %



Previous Algorithm: Monte-Carlo
e 4 [Avrachenkov, et al 2007]

Sample O (%) random walks from s, and return estimate
7(s,t) = Fraction of walks ending at ¢.

Running time:



Previous Algorithm: Local Update
/Anderson, et al 2007]

.......

e Works from target ¢ backwards along edges, updating
Personalized PageRank estimates locally.

e Tight average running time O (%) where d = }%



Main Result
Theorem 1. Given s, t, and d, if m4(t) > d then estimate

7s(t) satisfies |ms(t)—7s(t)| < 0.17s(t) with probability 0.9.
Furthermore, the average running time 1s

(549

where d is the average in-degree of the graph.

1
We also prove a lowerbound of (ﬁ) .



Analogy: Bidirectional Search

d 2d!/% = 2V/dl



Bidirectional PageRank AIgonthm
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m(s,t) = Z Pr (Walk from s first hits u € Fy| w(u,t)
ue F}

12



Experimental Setup
Dataset Type # Nodes | # Edges
DBLP-2011 | undirected 1.0M 6.7M
Pokec directed 1.6M 30.6M
LiveJournal | undirected 4.8M 69M
Orkut undirected 3.1M 117M
Twitter-2010 directed 42M 1.5B
UK-2007-05 directed 106M 3.7B

e All three algorithms can trade-off accuracy and run-
time. Use parameters with similar empirical relative

error (10%), then compare running time.



Empirical Running Time
Running Time (Targets sampled by PageRank)
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summary
e Fast-PPR estimates m4(t) 10x faster.

e Provable O (\/g) average time; previous best () (%)

e O (%) storage per node = O (%) worst-case time

Future Work
e Close the gap between running time and lower bound.

e Build a scalable personalized search system (in progress).
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* Paper available on Arxiv
* Code available at cs.stanford.edu/~plofgren



cs.stanford.edu/~plofgren
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Estimate

Front|er IS Important
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Algorithm (Simple Version)
1. Use Local Update to compute estimates (v, t) .......

to accuracy O(V/9).

2. Define

Forward Work K -.. 3 Re erse Wark
(Random-walks) (Fro ntierdi scovery) ;

Target Set ﬁ — {U - V : ’ﬁ_(/U, t) > \/3} ......
Frontier F\t = {u € V\ft . (u,v) € E for some v € fft}
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Algorithm (Simple Version)
3. Take O ( \/—) Random Walks {W;}, termmatmg.-each
early if it hits F}. Define aT Rl |

........

(Random-walks) (Front ier d scovery)

X ﬁ(u7 t)7 W’L hj_ts U E Ft Forward Work e 1 I“Reversg,Wm:k
7 — . A o
0, W; does not hit F; {

4. Return empirical mean{ X, }.
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Average Running Time
For a uniformly random target node ¢, the average per-query

running time is

Reverse Work Forward Work

(Local Update) (Monte-Carlo)
Improved Implementation:



Correctness

Now assume imperfect Local Update estimates: Vu € V,
7 (u,t) —m(u,t)| < BVS
where [ is a constant like %.

Problem: if 7(u,t) < 5v/¢ for all u € F;, we might have 7 (u,t) = 0.
However, for v € Ty, m(u,t) > V/d so

17 (u, t) — 7(u, t)| <

1 f) 671'(’&, t)

so we only want to use 7(u,t) for u € Ty.

22



Algorithm (Theoretical Version) Use #(v, 1)

Prlend at t from u | = Z Pr [transition u — v| 7 (v, t)
’UETt

+ Pr [not enter T} from u]

-Prlend at ¢t from u|not immediately entering 77|

Use Monte-Carlo
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Algorithm (Theoretical Version)

. Run Local Update and compute Frontier as before.

. Take O (%) walks {W;} from w.

. If W, enters the frontier at u € F},

(a) Accumulate a score based on nieghbors of w in T;.

(b) Choose a random out-neighbor of u not in 7; continue the walk from
there.

(c) Multiply by the probability of not entering 7; from u, to de-bias the
estimate.

. Return the emperical average of accumulated scores.
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Local Update Algorithm

Pr[end at ¢t from u | = Z Pr [transition u — v| Pr [end at t from v]
veOut(u)
l -«
T(uv) = Y pre (U)W(U, t)
veOut(u)

Pt



Local Update Algorithm

p=0.00 After 0 iterations
s=0.00
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Local Update Algorithm

p=0.06 After 2 iterations
s=0.06
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