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Abstract: Matrix Multiplication is a core computation in many applications, it has been observed that only a very small
fraction of the matrix elements gradually change in these applications, and the full recomputation costs a lot, thus,
incremental processing is a promising approach to handle this problem. This paper proposes a design of incremental matrix
multiplication based on MapReduce with a fast method to capture the changes of the matrix, by using the abstract
informationof matrix elements to calculate the changes of the matrix effectively and transforms this problem to series of
equivalent join problems, which realizes a efficient matrix multiplication in an incremental way. Experimental results show
significant performance improvements of our method compared to full recomputation when the change“rat\io is small.
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7: if H, .containsKey(joinKey)
8: for all (row, val,) in H,(joinKey).List

9: for all (col,val,)in H,(joinKey).List
10: Output <(r0w, col),val, *valz>
11: end for
12: end for
13: endif
14: end for

4 Mapper 11 setup pAHH1TAY
Algorithm 3 reduce() in Reducer for job1,2

Algorithm 1 map() in Mapper for 4 x A4 and A4 X 4

Input: KV Pair<i, al >

Output: KV Pair <(r0w, col ) ,value> ‘
1: flag = false ' "
2:ifH,. contains}(ey(i ) then -
3: flag = true
4: end if
5:forj«1 to a,,length
6: if H,.containsKey( ) then

7: for all (col,val,)in H,(j).List

8: Output <(i, col),al ., (j)*valz>
9: end for
10: endif

11: if flag == true then
12: for all (row, val,) in H,(rowld).List

13: Output<(r0w,j),a,.T (j)*va12>
14: end for

15: endif ]

16: end for "

Input: KV Pair <(\r0w, col), List(;al )>
Outp\ut: KV Pafir<(r0w, col),val >
1:sum=20
2: for all v in List
3: sum+=v
4: end for
5: Output < (row,col), sum>

K3 jobl Mafiper H¥) map EREL N ACAY

Algorithm 2 setup() in Mapper for A4 ™ A4

Input: AA4
Output: KV Pair <(r0w, col), value>
l:initH, , H,
2: for all (row,col,val) in AA
3: insert (col,val) in H, (row).List
4: insert (row,val) in H,(col).List
5: end for
6: for all (joinKey, H,( joinKey).List)in H,
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Algorithm 4 reduce() in Reducer for job:Get A4

Input: KV Pair<r0w1d ,List(a) )>

Output: KV Pair <(row, col),val >
l:a = List.getFirst(),a, = List.getSecond()
2:hl = Hash(a ), h2 = Hash(a,,")

3:if hl# k2
4: Aa;l;)w' = a;();f/ - a;I;)W

5:  Output all nonzero (row,col,val) in.a,
6: end if

6 Reducer H[¥] reduce LT

3 s
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