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Reacting to user behavior
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How?
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ONE DOES NOT'SIMPLY..
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Making progress
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Getting rid of exactness
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Important users
active users
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Stream Mining to the rescue

« Stream mining algorithms:

- answer “stream queries” with finite resources

« Typical examples:

- how often does an item appear in a stream?

- how many distinct elements are in the stream?

- what are the top-k most frequent items?

N

Bounded Resource
Analyzer

Continuous Stream of Data >

@ Stream Queries
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Heavy Hitters (a.k.a. Top-k)

« Count activities over large item sets (millions,
even more, e.dg. |IP addresses, Twitter users)

* Interested in most active elements only.

Case 1: element already in data base

ot~ [N - [

Case 2: new element

nico - »
Fixed tables of counts

Metwally, Agrawal, Abbadi, Efficient computation of Frequent and Top-k Elements in Data Streams, Internation Conference
on Database Theory, 2005
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Count-Min Sketches

« Summarize histograms over large feature
sets

e Like bloom filters, but better

m bins

>

n different
hash functions

o 1 Updates for new entry
uery result:

* Query: Take minimum over all hash functions

G. Cormode and S. Muthukrishnan. An improved data stream summary: The count-min sketch and its applications.
LATIN 2004, J. Algorithm 55(1): 58-75 (2005) .
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Heavy Hitters over Time-
Window
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« Keep old count
data periodically

« Alternative:
Exponential decay
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Indexing Columns

/index.html google 13.24.32.12

/post/123 facebook 43.13.43.67 9
/index.html twitter 6.62.23.4 6
/about.html google 13.24.32.12 3
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Storing Data in Trends

Mikio Braun Realtime Personalization and Recommendation with Stream Mining © streamdrill



Storing Data in Trends

Mikio Braun Realtime Personalization and Recommendation with Stream Mining © streamdrill



Streamdril|

* Realtime Analysis Solutions

« Core Engine:
- Heavy Hitters counting + exponential decay
- Instant counts & top-k results over time windows
- In-Memory
- written in Scala

« Modules

- Profiling and Trending
- Recommendations
— Count Distinct
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Realtime User Profiles
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Realtime User Profiles
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Realtime User Profiles

=1 @1720.1m & 4.3k 13GB El) W Documentation & Anonymous v~

streamdrill Dashboard
« Dashboard / nuggad
Real-Time User Profile nuggad

Global Fingerprints more details »

O Activity by @ week O day O hour

Top 5 Sites more »

# Site Activity Category Fingerprint Top Categories
1 Fil | 91,969,740.6 T T T T T Il market place,football,lottery
2 a= 695728024 [ [ [T T ITT [T 10 regional,humour,ecommerce
3 59,012,708.1 || | T AT car accesories, funbikes, ift truck
4 48,277,773.9 | | classified ad,market place
5 . 41,376,343.4 [ [ LI T MW O internal policy,obligatory,real
# User Activity Category Fingerprint
by week low [N hich
1 =) x 56,726.5
2 39,142.5
3 38,179.7 |
4 =" . 37,251.3 |
5 1 34,492.0
6 27,197.3
7 o 24,856.3 I
8 . - 23,868.5 |

n 4nnn7ABARANATANNNAY An Ane A

Top 5 Networks more »

# Network

1

o A W N

Activity Category Fingerprint
94,357,907.6 1 1 K 1
76,881,622.0 || NN NN R W LI 0 T
69,572,934.9 [ [ [ [11 1" T M0 TTICTeT ]

59,012,818.0 || T
48,277,837.6 | |

Top Categories

travel planning,red.content
news,red.content
news,red.content

classified ad,job offering

lifestyle and leisure,red.content

news,red.content

S V|

Tue Apr 01 2014 16:42:10 GMT+0200 (CEST)

99%

week
day

hour

Top Categories
jewellery,international,dating
high-performance cars,fashion (men),beer
regional,humour,ecommerce

car accesories,funbikes, lift truck

market place,classified ad
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Realtime User Profiles

Category Activity
week all day al hour .l

chat 2.0 1.9 0.45% ¥

information 12.5 9.9 0.38% ¥ 0.9
society 1.14% 4 0.5
entertainment media 64.7 0.13% 4 53.2 2.67% 4 7.1
television 174.5 0.15% ¥ 141.2 3.12% ¥ 14.1
video gallery 253.7 206.0 0.59% 4 23.0
communication boards 2.0 1.9 0.45% ¥
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Realtime user profiles

e Process 10k events / second on one
machine

 Track about 1 Million counts per 1 GB
« Shard by user for higher accuracy
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Realtime Recommendation

Staffeln
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Serienstart DE
Erste Episode DE
Letzte Episode

Serie  Mews | Spoiler | Stream  Darsteller  Episoden | Reviews FAGQ Download Video  Shop | Links
Farum

NCIS

NCIS (Naval Criminal Investigative Servi
verfolgt Verbrechen in der United States Navy
und im United States Marine Corps

am
Machste Episode
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23. September 2003
Yankee White (1x01)
17. Marz 2005

Air Force One (1x01)
Crescent City (Part 1)
(11x18)

1. April 2014

Page Mot Found (11x20)

8. April 2014

Die Serie NCIS | Navy CIS belegt in den aktuelle

» Uber die Serie

Serien Charts den 12. Platz

Details zur Produktion der Serie MCIS | Mavy

m Trailer
» Hauptdarsteller
= FAC

m Aktuelle Meldungen FUR DICH EMPFOHLEN

3+

Grey's Anatomy

Cls

11

£ emprenien [EIX}

NCIS steht fur (Naval Criminal Investigative Service) und ist ein Spinoff der beliebten

Beliebte Serie

Yampire Diaries

Anwaltserie ,JAG" bei dem aber die strafrechtlichen Ermittlungen im Zentrum stehen.

Die Spezialeinheit des NCIS, die sich primar mit der Strafverfolgungs- Spionageabwehr

Dir gefallt auch Game of Throne

The Walking Dead

Beliebte Serie

der Navy und des Marine Corps. befasst, ist in Washington D.C. angesiedelt. Das NCIS

nntarcnirht alle Straftatan 1ind \Verhrarhan die vnr Adam Miltarnericht innerhalh Ader Mo
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Realtime Recommendation
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Realtime Recommendation

* Pipe in events, get recommendations
« Seed by sampling past clicks
 Automatically adapts over time

« Number of alternatives (user based, item
based, trends, categories)
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Summary

* Ditch exactness —» Approximate with
stream mining

* Trends to store all kinds of counting
structures

« React to realtime user behavior with
managable resources
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