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A Parallel Acceleration Strategy for Distributed DBN in Spark
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Abstract;: DDBN(Distributed Deep Belief Network,DDBN) has many problems in Spark,such as data skew. lack of
fine-grained data replacement, and unable to cache data with high re-usability automatically, resulting in high
complexity and low timeliness of DDBN computing. In order to improve the timeliness of DDBN, a parallel
acceleration strategy is proposed for DDBN in Spark, which includes LSRP (Label Set based on Range Partition,
LSRP) algorithm and CRWS(Cache Replacement based on Weight Statistics, CRWS) algorithm. The problem of
data skew is solved by LSRP algorithm, and CRW algorithm is used to solve the problem of RDD reuse and cached
data caused by insufficient memory space. The results show that compared with the traditional DBN, the training
speed of DDBN is increased by about 2. 3 times, and the distributed parallelism of DDBN is greatly improved
through LSRP and CRW.
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12.  end for
end for

14. partitionList(n)<datal.ist
3.4 EFNENEGFEHRER

7 DDBN $if 7l # b, s A& Y RDD it %2,
Spark it =X RDD A shZ AL , 5 200 5 R =
() RDD gEAT A TH5 Gl 13 BT IR A IR 9% . [
LI T AR Y AT I 8] Hidls R At 2 2
RN AEAS (A AS JE [R) R, i = 20067 8 45 RDD i)
B R DDBN AR i AT I 1], fy s B 2§
CRW 53k A7 T 2 v 19 RDD. RIS B
PATISE]. CRW H3k i id 4t RDD (1 t BB ECR
MG L  GAFFROR T 45T 2 9 RDD, 24 N f7%5
A]AS AL I, CRW B34 i RDD (9450 80R it SE4 4
FCEE 42 B R/ MU 48 » B2 P9 77 25 D36 A B
RDD frifs 25 [H].

CRW B DR ANT -

AR 1.8 15 3] RDD #4845 &, geit &4
RDD & & & f, RDD Wy il G2 K 4 1 id i Map
(name, ({,D).

AR 2.2 RDD 4 f=2 I % RDD #E47247 .
I8t RDD #Y lineage B L

AYR 3.1 . AR GE RDD 45185 M /1N 21 U
Jr. HUC FEAR S RDD 9 1 54 B2 /N F R i Uy
HEP 453 RDD AU .

AP 4 A% DDBN AR . B 2247 59 RDD
BHAT 1 IR Map HARRE B9 RDD () f 98025 1, B3
RDD #% f 32 ms , MBSO % 1) RDD.

AR 5 2 N AF A AN I R R R /N 1Y
RDD, $# HEAH 51] 3 A4 I35 o AR R $6e 1 21 i 12 8
i) RDD Frif 23 [8) R/
k3 CRW #ik
1. rddSet<—getAlIRDDS()

//GEt rdd B IR LS R

2. for i=0 to rddSet. length do

3. if rddMap. key. contain(rddSet(i)) then
4 rddMap. key. contain(rddSet(i)). f++
5. rddMap. key. contain(rddSet(i)). I4++

6. else

7 rddMap. add((rddSet(i),1))

8. endif
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12.  rdd<-getRDDByKey(rddMap. first. key)

13. rdd. cache

14. end if

15. end for
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if rddName = =rddMap. first. key then
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21. for i=0 to rddMap. length do

22. if newRDD. size > = free. size then

23. free. sizet+=getRDDByKey(rddMap. first. key) . size
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26.  end if
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28. end for
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