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ORC Metadata Based Reducer Load Balancing Method for Hive Join Queries
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Abstract The load imbalance problem ranks first among the performance issues in large-scale MapReduce cluster,and
it’s very prone to be triggered by Hive join queries. An effective solution is to design reducer load balancing partitioning
algorithms by consulting the key’s frequency distribution histogram estimated from intermediate key-value pairs. The
existing works of key histogram estimation rely on monitoring and sampling the output of map in a distributed way,
which triggers huge network traffic load and notably delays the start of the shuffle. A novel key histogram estimation
method based on ORC metadata and the corresponding load balancing partitioning strategy was proposed for Hive join
queries. The proposals only need some light-weight computation before the start of the job,thus imposing no extra loads
on network traffics and the shuffle. Benchmarking test proves the proposal’s significant improvement on both the key
histogram estimation and the reducer load balancing.
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Fig. 4 Bucketing process of row index items
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Input:ranked_buckets

Buckets clipping

Output:clipped_buckets
clipped_buckets={}
for i in ranked_buckets. length—1..0 do
clipped_part,,, = bucket™ , clipped_part,,,, = bucket™*
if clipped_part,,;,, <<=bucket™" then
clipped_parteoun = bucket{®™ , ranked_buckets. pop(i)
else if bucket!™*= =bucket™} then
continue
else
clipped_parteum = bucket!™" * (bucket™* — bucket™
bucket{*"™ — = clipped_partcount
bucket™ = clipped_partmi,
end if
for j in ranked_buckets. length—1..i+1 do
if clipped_part,,;,, <<=bucket/"" then
clipped_part,,,,, +=bucket{*"
ranked_buckets. pop(j)
continue
end if
clipped_load= buckelf""“’"y * (bucket"™™-clipped_partmi)
clipped_parteoun + = clipped_load
bucket;*"" — = clipped_load
bucket™* = clipped_partui
end for
clipped_buckets. append(clipped_part)
end for
return clipped_buckets
&% 2 Partitioning
Input:clipped_buckets, AVGLOAD
Output: partition_lst // X [a] %] 43 1 43 #) 45
partition_lst={}
partition_load=0
for i in clipped_buckets. length—1..0 do
partition_load + =bucket{*"™
remain= partition_load— AVGLOAD
if remain<<0 then
continue
end if

bucket™" = bucket{"* —remain/ (bucket™ — bucket{™™)

bucket{*"™ = remain

i
partition_lst. append(bucket{™")
partition_load= bucket{*"™

end for

return partition_lst
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Q29:CREATE TEMPORARY TABLE test_tmp_q29 as
SELECT ws_item_sk FROM web_sales ws,item i WHERE
ws. ws_item_sk=1.i_item_sk;

Q12:CREATE TEMPORARY TABLE test_tmp_ql2 as
SELECT wes _ item _ sk FROM web _ clickstreams, item
WHERE wes_item_sk=i_item_sk.

TE A S 56 i R B9 DU B8 P L join B ws_item_sk 1)
B 1% 2 /A AL FE % 6 ORC ST H T join T BE wes_item_
sk (1 A8 B Al 4 )R A T Ak B A7 fif FE ORCSC 4 o . i [ 6 9 7
ws_item_sk B 15503 53 A1 AGRE ™ H ] woes_item _sk {6 B A

ROMEREE,
BODDO000
& HO000000
"
1 40000000
= 20000000
E il T T T e e T T L
omTsNoACaIERIERYEgENEE
EREE g FIJSECEEEERS
L ﬂgg égxs%é%ﬁagﬁﬁsﬁﬁ

(a)ws_item_sk [R5 F 5 Hi 17 &

150000000

(b)wes_item_sk I %4345 5 7 &

6 A ECE T join FBE) key B 40 17
Fig. 6 Join key distribution histograms of benchmark datasets
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Fig. 7 Comparison of estimation efficiency for the

key distribution
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key partition methods
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