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 Frequent episode mining (FEM): a popular framework for
discovering sequential patterns from sequential data.

 Applications: telecommunication, manufacturing, finance,
biology, system log analysis, news analysis.

 Here: episode is a sequence of totally ordered (serial) events
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1. HFT (High Frequency Trading)

 22 seconds vs hours and days!

2. Predictive maintenance of data centers

 Avoiding a major crash

 Both will be useful IF predictive models exist (no details
provided)
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1. All patterns must be stored:

 The number of minimal-occurrences is considered as the frequency measure,
which is not monotonic

 Also, dataset is dynamic; hence, frequent patterns may become infrequent and
vice versa

2. The tree structure is complicated: temporal information must be stored as
well

 Compact data structure is required -> e-trie

3. Recency effect: only freshest pattern are of interest

 User can set the expiration time

4. Time critical analysis

 Heuristic: last episode occurrence
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 Offline frequent episode mining

 BFS vs DFS

 Different domains

 Different frequency measures

 Probabilistic frequent episode mining −> events are uncertain

 High-utility episode mining: each event has a weight −> non-
monotonic

 Online frequent itemset mining
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 Episode 𝛼: 𝐷 −> 𝐴 −> 𝐶 is a 3-episode

 Sub-episode and super episode

 Occurrence and Minimal-occurrence

 Non-monotonic: 

 |𝑀𝑜𝑆𝑒𝑡(𝐴 −> 𝐵 −> 𝐶)| = 2

 |𝑀𝑜𝑆𝑒𝑡(𝐴 −> 𝐶)| = 1

 Frequent episodes: 𝑖𝑓 |𝑀𝑜𝑆𝑒𝑡(𝛼)| ≥ min _sup, 𝛿
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 Batch mode: Given an event sequence 𝑆, a minimum support
threshold 𝑚𝑖𝑛 _𝑠𝑢𝑝 and a maximum occurrence window
threshold 𝛿, the frequent episode mining problem is to find all
frequent episodes in 𝑆.

 Online mode: Given 𝑆, a 𝑚𝑖𝑛 _𝑠𝑢𝑝, a 𝛿, a ∆, the frequent episode
mining problem is to find all frequent episodes in the last ∆ time
stamps.

 Usually ∆≫ 𝛿
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𝑚𝑖𝑛 _ sup = 2, 𝛿 = 4, ∆ = 7

 𝑀𝑖
𝑗

all minimal episode occurrences in [𝑡𝑖 , 𝑡𝑗]
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 𝑀 can be divided into two disjoint sets:

 When new data arrives, only episodes in 𝑀𝑖𝑛 are affected so
𝑀𝑒𝑥 can be stored in an external storage
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1. Add the new time stamp:

2. Update the upper indexes

3. Move the first one to 𝑀𝑒𝑥
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 If ∆ == ∞:

1. Update frequency counts

2. Update the set of frequent and infrequent sets

 Else

1. Delete expired occurrences

2. Update frequency counts

3. Update the set of frequent and infrequent sets



 The first scan is not possible −> sharp increase in memory usage

13



14

 Then each 𝑀𝑖
𝑗

(and their corresponding trie) can be divided into two 

disjoints sets:



 Both space and time complexities are 𝑂(𝑚𝛿) where m = |Σ|
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 Stock: from china stock market, each one is for a different industry

 Discretized

 Kosarak and BMS: click stream data

 chinaStore and Retail: basket data
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