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j=1 MapReduce 2 MapReduce
Map Reduce
Q(z) =B(z)/D(2) , (2) .2
z m 1 , B(z) 2 (key/value) ,
,» D) . B(2) Map: (ki, vi)—>list(k, v),
D(2) Reduce: (kp, list(vs))—>list(ks, V).
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3.1 MapReduce

311 KTFabiFeAMS {pb_value,
gb_value, X, Vi, Gpes; + Poest, pb_value
Obest, , gb_value R
v Xiv Viv Opest, » Pest, o
, X, [-1, 1] ,
; pb_value,
gb_value 0; Rest, = Xi\ Opest, O .
3.1.2 AT MapReduce 941 T A3 % F¥2 A 694K
aEs (i)
» (i) (i) :
(iv) '
, MapReduce
input: , output:
stepl: ;
(5) ;
step2: split map
(key , value );
step3: map
: 5) (6)
: (2) :
. (key N, value );
step4: Reduce step3
, value ,
step5: (
), , Reduce
part step2;
step6: ( ).
MapReduce
Map Reduce
step2 step3 Map ,
step4  Reduce . 2
Functionl  Function2 . Functionl
wpn s

MR_GPSO_PP,

MR_PSO_PP. Functionl

GA
0.1 8l 0.1

Functionl MR_PSO_PP Map or MR_GPSO_PP Map

Il key ,value
define mapper(key, value):
/! value ,
Particle particle =new Particle(value);
#
1

new_position, new_velocity=Particle.pso_motion(particle);
1l ;
normalization(new_position, new_velocity);
/Ifit Jfit , ,
Q(z) =B(2)/D(2)
fit=Particle.evluate_function(new_position);
I
if(fit>particle.pb_value)
particle.pb_value=fit;
particle.pbest_position=new_position;

/*
Il ( MR_GPSO_PP
)
if(GA)
mutation(particle); normalization(particle);

*

/
# , reducer

/I Repaticetovalue

emit(key,Repaticetovalue(particle)).
Function2 MR_PSO_PP and MR_GPSO_PP Reduce
define reducer(key ,value_list)
I ,
List<Particel> particle=None;
Particle best=None;

# value_list, gb_value

for value in value_list:
Particle record = new Particle(value);
if (best is None) or (record.pb_vlaue>=best.gb_value):
best = record;
if not recond.is_message():
particle.add(record);
#

if particle is not None:
particle.gb_candidate(best.gb_value,gbest_positon);
emit(key,Repaticetovalue(particle));
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KNN MapReduce . 1 k :
3.2.1 MRKNN(Z F MapReduce # KNN £ %)if 42 training_set_z
A EWT I MRKNN : find_k(d_z,training_set_z);
input: , output: lable(document.d_id);// ,
#
stepl:
M ) Il key ,value id, Text
ap ' emit(key , Text(value)).
step2: d 1 » Function 4 MRKNN Reduce
d K (key , value Ilkey ,wvalue_list  Map
); shuffle  merger
step3: d : (key d define reducer(key ,value_list)
document_list;
, value N); 4
step4: Reduce ! for value in value_list:
stepl~step3  Map , step4 document_list.add(value.tostring);
Reduce : Function 3 # key
Function 4 . value
Function 3 MRKNN Map emit(key, Text(document_list));
Ikey , 3.3 MapReduce  PSO
value key
define mapper(key , value) ’ ,
" K ' MapRed
Document document=new Document(value); apreduce
Hd_z , 1
d_z=knn_computz(document,projection_space); KNN ,
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The Design and Implementing for Projection Pursuit Model
Using PSO Based on MapReduce

HUANG Yi-ping, WAN Jian-yi, WAN Zhong-ying, WANG Ming-wen"

(College of Computer Information Engineering, Jiangxi Normal University, Nanchang Jiangxi 330022, China)

Abstract: It programs the model on MapReduce model. In the classification stage, KNN based on MapReduce is
designed and used,and the classification experiment is performed on Fudan dataset. The result shows that parallel
particle swarm optimization for projection pursuit based on MapReduce has both well effectiveness and higher ef-
ficiency than its serial counterpart.

Key words: projection pursuit; PSO; MapReduce; text classification; parallel

(REHRIE: B/ER)

(E#% 387 1)

A Method for Query Intent Identification Based on
Markov Network Clique

CAI Gui-xiu, WANG Ming-wen’, JIE An-quan, WANG Xiao-ging

(School of Computer Information Engineering, Jiangxi Normal University, Nanchang Jiangxi 330022, China)

Abstract: A new method about query intent classification is proposed. Making use of manually labeled queries
form Sogou’s query log (about 2 250) as training data, and use the ten classes of data to construct the Markov net-
work. So we can effectively get information of the queries. After this process research the queries in this data. Re-
turning the relevance results of the queries, and classifying these results according to the classifier trained by the
ten classes data. At last, the queries intent is predicted. In the experiments use the 11_avg and 3_avg as assessment
process. Experiment results demonstrate that the algorithm presents some advantages compared with other
methods.

Key words: query classification; Markov network; text classification; 11_avg; 3_avg
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