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+ 2004
— Hadoop 0.21.0
— 4k+{E55/R
— 700TB Used/1.2PB Total

— Hive/HBase/Streaming
- 30

— Hadoop 0.20.3

— HBase only
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Social computing at Renren
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Distribute

e TB of daily log data to be analyzed
e Millions of blogs, videos to be recommended

e Hundreds of millions of friends to be
recommended

The most Computational-
Intensive applications
with highly structured big data
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MapReduce

Data Points Adjacent list data structure

— A sparse representation facilitate to
pass graph structures from iteration to
the next iteration

o Parallel Breadth-first search
— To find shortest path in the graph
e Google page rank

— Impact index passing through graph
links

e Distributed k-means clustering

— Clustering large data into pre-defined
number of groups

ANPYN }




Case I: Friend recommendation by
agglomerative hierarchical clustering

e Primary problem of friend recommendation

— User familiarity
e Common friends
o User profile
e User access
e User interest

ANPYN W



People you may know

e Friends’ friends

I
N - NN
Sl =S 16T )

TR similarity(userl,user?2) =
& I | |
Z BE (174 1 NP ‘ friendset] M frzendsetZ‘
f‘fj BB
f 3 _ &Il

_I:‘_‘E_E?_ et 18- B )
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Hierarchy

e Clustering to find communities in social network
— All in one community share some properties.

— These overlapping communities reveal some social
relationship of different levels.

— They help to building new friendships in the social
network.
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Clustering: unsupervised learning

flat clustering hierarchical clustering
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Hierarchical clustering
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Hierarchical clustering
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Hierarchical clustering
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Hierarchical clustering
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Hierarchical clustering
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Hierarchical clustering

SETRNCE
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Hierarchical agglomerative clustering

Method: Merge the nearest clusters until a
single cluster is left

Minog.(?”'c ,{Drocedure HAC (N points, stop criterion)
02} (1) Initialize n points as n cluster centers;
0.4f (2) Iterate over centers until stop criterion is
ol satisfied:
| a. Compute pair-wise similarity between
08 H}L m HFW h m any two centers sim(c;,c;)

—————————————— b. Find the nearest pair of centers
c. Merge the two centers

<i, j >¢—argmax sim(c;,c;)
ivJj

(3) Output the hierarchical clusters.

}
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Pair-wise distances
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Iterative map/reduce

Data Points

Assighment
table

Find the global nearest
centers and merge them

Iterative map/reduce

Mapper:

assign Block IDs to each data point.
Reducer:

each reducer is responsible for find
the local nearest pair of centers.

IVNAAR
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Iterative map/reduce

Data Points

Data
Points

Find the global nearest
centers and merge them

Iterative map/reduce

Mapper:

preload centers in memory and
compute distances from each center to
all the centers coming into mappers.
Reducer:

each reducer is responsible for find
the local nearest pair of centers.
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Block map/reduce

Data Points YY) Data Points YY) Data Points

(XY o000
Data splits %Data split <éata splits

Find the global nearest
pair of centers and merge
them

New centers

IVNAAR




Partition

e 100,000,000 users have to be partitioned to
blocks before clustering.

e User profile helps to partition users into
overlapping blocks.

e There are millions of blocks and each block
contains several thousands of users on average.
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Speed-up

e For small blocks, iterative map/reduce is not
efficient for the overhead of start and end of a

job.
e Only few of elements of the similarity matrix
need to be updated.
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One-off map/reduce

Data Points

One-off map/reduce

Mapper:
Passing friend list to reducers.
Reducer:

Agglomeration until clustering stops
and output clustering results.

ANPYN }



Scalability

e Only suitable for m*n matrix where m,n < 10°
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Distance caching

o Avoid re-calculating pair-wise distance between
centers not for agglomeration from iteration to
the next.

ANPYN W



Compressed storage for lower triangle

e Choose a row compressed storage mode to keep
pair-wise distance between centers in memory.

0
I aij
n ) ) i
K=(i+1)*/2+
Ay | G0 | Ay d; A, -
0 12 K n(n+1)/2-1
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Performance

Iterative map/reduce
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Performance

Overall efficiency
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Case II: Topic detection by Mean-shift
clustering

e Clustering to find topics in news feed
— High density indicates hot news.
— Without knowing the number of topics
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Mean shift
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Mean shift
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Mean shift clustering
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Iterative map/reduce

Data Points

Iterative map/reduce

Mapper:
select a point as the center and
compute distances from the center to all
the data points, and assign a label to the
points within the bandwidth.
Reducer:

collect data points of the same label
and compute the center of mass of them.

Update centers
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Performance

Iterative map/reduce
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Performance

Overall efficiency
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