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Quality Control Agent Based on Probability Inference
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Industry and Information Technology.Xi’an 710129 ,China)

Abstract Entity resolution (ER) is the fundamental problem of data integration and cleaning, while inconsistency re-
conciliation(IR) further improves the resolution performance through reconciling inconsistent pairs resolved by existing
diverse ER approaches. However, previous IR approaches have a limitation that the reconciliation solution has no quality
guarantee, To solve this problem, this paper firstly proposed a quality control agent based on probability inference,deno-
ted as QCAgent. QCAgent does not require any manually labeled pair,and can automatically output reconciliation result
with the highest recall on the premise of satisfying the given precision threshold. Its core idea is as follows. Firstly.the
outlier detection model is utilized to estimate the matching probability for each inconsistent pair,and then the estimated
precision and recall are regarded as the environmental feedback according to these probabilities. Next, the binary search
algorithm is used to select a flipping solution as the next action of QCAgent,which can make flipped reconciliation re-
sult satisfy the precision requirement with the highest recall. Then the outlier detection model is retrained by using the
new consistent pairs,and the recall and precision of flipped reconciliation result are estimated. The iterative process ter-
minates until the newest estimated precision meets the constraints. On the real data set,the experimental results show
that QCAgent can effectively solve the quality control problem of reconciliation result.

Keywords Quality control, Entity resolution, Inconsistency reconciliation, Agent,Precision
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Table 3 Interation number, estimated values and real values of precision
QCAgent QCLabel QCProb
T

= iter ;\j/% Py /% Z iter }\)/% Py /% Hiter é\;/% Py /%
0.75 20 76.09 93.07 1 81.12 73.81 1 79.84 73.81
0. 80 12 81.42 95. 87 1 81.12 73.81 68 80. 04 96. 88
0.85 12 92.22 97. 85 6 88. 34 79.87 36 85.02 96.59
0.90 10 92.11 98.11 5 95.55 79.30 18 90.43 97.23
0.95 7 96. 68 97. 24 3 95. 88 79.99 8 95. 86 97. 36
0.99 5 99.71 99. 65 2 99. 45 88. 17 4 99. 65 98. 66

5.2 AR o QCAgent
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Agent IBATHFAIAY S M0 . S48 iy 2 B 2 AT, ORI OL T
QCAgent F I [A] 5 2% B 5 8 dli i 2 C™ 2 =k 7 R &L BAE
PSR AR b, SE IR 45 R R W QCAgent BT i BB 38 47 I 1)
SEREEMELERR. WE 3 PR, 4 4 C" I 2000 48
FEE] 16000 I, QCAgent B IE 47 N [8] B2 # C™” 149 3 0 i 3
P K,

D http://www. cs. utexas. edu/users/ml/riddle/data/cora. tar. gz

running time/s

2 4 6 8 10 12 416
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Fig. 3 Scalability
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