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Abstract: Frequent pattern mining is an exploratory problem in the field of data mining. However, directly releasing the 

discovered frequent patterns and the corresponding true supports may reveal the individuals’ privacy. The state-of-the-art 

solution for this problem is differential privacy, which offers a strong degree of privacy protection by adding noise. 

Firstly, the theoretical basis of differential privacy was introduced. Then, three representative frequent pattern mining 

methods under differential privacy were summarized and compared in detail. Finally, some future research directions 

were discussed. 
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��� !?S*5 

A¤±² STM-Full rs:Ð�×x[27]T�

¤��3t=� n-gram�z�� !�	�rs

N-gram5«rs3Z��A�1) {| !�

	� D �Àc=�

max

gramn − (

max

n S�	�

n-gram��)^��Rúû_��$´âÏ��Ù

T�2) Ê	�»*¼½ìF T�Àc n-gram�3) R

S�
����(Markov assumption)ÞS_Î�Ø

 n-gramopÀc?p�� n-gram�é����

Ù T ���$ !�	�D

%

5���3)���¨

��Ù T ?��St�� !���Y�$ !�

	�D

%

?St��-zõö12��_�õö5 

A 1)��R��Ù T$´ô�����{|

 !�	����ÉÊhipqÍ�µhi�Î

+P�Y¨��^�3tâÏ��Ù T}ß)R

������ÉÊhipqÍ�5¡����Ù$

´ô�����ÉÊ�Ò�á+Phi�Î5�R

S�^+P\]�µÄ¯hi�Î ε ^+A n

max

n�

+PÄ��Ù¹�æ(½A N-gram-uniform)�{�

�=��8hi�Î��5�ò 5�Ù ��

3 «
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5n = �
´=� 2 / 5ε hi�Î��5A¤

�áé+Phi�Î�N-gramT�¤��`îR+
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v
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��� bÏÐ�Ë 3 �¼��1)Ù ��t

max

n �2) úû_�:�tÎ�θ �3)hi�Î ε "
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1
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0

log1( 1 // )

n

i

i

O ε β−
=∑

����

i
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1
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Diff-FPM5«rs3Z��A�1) MCMC rs

!4���)#��}ß kû6�=>GH top- k

���ò�2) � k��òlm_�øù2}23

úû5 

Diff-FPM rs%ëÍ��t�Ò�á¯
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��ë�opÏÐ¨+hi top- k���ò5�
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�A

π( )x

�
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MH(metropolis-hastings)Îs}ß6�=>����
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SuLQ-based ID3
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�DiffP-C4.5

[35]
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[36]

^R
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[37,38]
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