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Background

l Time series analysis
Ø Finance, Meteorology, Industry, Medicine, etc.

Yahoo Finance NASA Global Temperature
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Background

l Premise of reliable analysis
Ø Good data quality

-- Data quality issues have been widely recognized in IoT data, 
and prevent the downstream applications. [CIKM’20]
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Background

l Time series reliability issues
Ø Unreliable devices
Ø Malfunctioning metering systems
Ø Confuse of stock symbols
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Background

l Simply discarding might not work
Ø Sometimes data are precious
Ø Make data even more incomplete [CIKM’20]

Ø Mislead downstream applications [CIKM’20]
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Background

l Simply discarding might not work
Ø Sometimes data are precious
Ø Make data even more incomplete [CIKM’20]

Ø Mislead downstream applications [CIKM’20]

Time series data cleaning
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Motivation

l Classical algorithms
Ø Moving Average (MA)

pChange too many points

Ø Auto Regression (AR)
pFit imprecisely
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Motivation

l Prevalent algorithms
Ø SCREEN [SIGMOD’15]
Ø SpeedChange [SIGMOD’16]
Ø IMR [VLDB’17] (supervised cleaning)
Ø Numerous anomaly-detection based methods
Ø …
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Motivation

SCREEN SpeedChange

NumentaHTM Sub-LOF

Mistakes and 
omissions in 

dirty data 
identification
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Motivation

SCREEN SpeedChange

NumentaHTM Sub-LOF

Deviate a lot 
from the truth 

in cleaning
decisions
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Motivation

l Why fail?
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Motivation

l Why fail?

Plight: Limited use of inherent time series information
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Intuition

l What information can we use?

What are these?
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Intuition

l What information can we use?

Recurrent patterns!
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Intuition

l Recurrent patterns in the time series

Weather and Influenza time series [ICDE’23]

CO2 intensity and water boiler electricity usage [VLDB’21]
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Intuition

l Recurrent patterns in the time series

Weather and Influenza time series [ICDE’23]

CO2 intensity and water boiler electricity usage [VLDB’21]

Recurrent
≠

Seasonal
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Intuition

l How to use recurrent patterns?

l How to use similar patterns elsewhere in 
the time series to clean a point?
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Intuition

l Analogize recurrent patterns in a time series
to fixed word combinations in a sentence
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Intuition

l Analogize recurrent patterns in a time series
to fixed word combinations in a sentence
Ø Repeated occurrence
Ø Sequential dependency
Ø A small part of whole data
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Intuition

l Perplexity in NLP
Ø An evaluation metric that measures the quality 

of language models, especially for text generation

𝑃𝑃 𝑊 = 𝑃 𝑤!, 𝑤", ⋯ , 𝑤#
$!#
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Intuition

l Perplexity in NLP
Ø An evaluation metric that measures the quality 

of language models, especially for text generation

𝑃𝑃 𝑊 = 𝑃 𝑤!, 𝑤", ⋯ , 𝑤#
$!#

Introduce it to evaluate time series data quality

Lower perplexity, better quality
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Problem Definition

l Perplexity-Guided time series data cleaning
Ø Given a dirty time series, cleaning the time series 

equals to reducing its perplexity within the budget
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Problem Definition

l Perplexity-Guided time series data cleaning
Ø Given a dirty time series, cleaning the time series 

equals to reducing its perplexity within the budget

Cost:  Δ(𝑋, 𝑋’) = ‖ 𝑥! 𝑥! ≠ 𝑥! ’, 1 ≤ 𝑖 ≤ 𝑛} ‖
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Problem Definition

l Perplexity-Guided time series data cleaning
Ø Given a dirty time series, cleaning the time series 

equals to reducing its perplexity within the budget

continuous value
?

Cost:  Δ(𝑋, 𝑋’) = ‖ 𝑥! 𝑥! ≠ 𝑥! ’, 1 ≤ 𝑖 ≤ 𝑛} ‖
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Framework

l Overview
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Framework

l Symbolization
Ø Change continuous value to 

discrete symbols to calculate the 
perplexity like textual data

Ø K-means / uniform symbolization
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l Probability calculation
Ø Use statistics (combinations) to calculate 

occurrence probability
Ø Introduce k-order Markov chain

26
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l Probability calculation
Ø Use statistics (combinations) to calculate 

occurrence probability
Ø Introduce k-order Markov chain
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l Likelihood optimization
Ø Use likelihood rather than perplexity

𝑃𝑃 𝑋 = 𝑃𝑃 𝑋" = ! 1/𝑃(𝑋")

𝐿 𝑋 = 𝐿 𝑋" = log𝑃 𝑋"

28
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l Likelihood optimization
Ø Aim to maximize likelihood within budget

29
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l Likelihood optimization
Ø A knapsack-like problem
Ø Use pseudo-polynomial time algorithm based on 

Dynamic Programming

30
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l Likelihood optimization
Ø Recurrence equation

ØΛ(𝑖, 𝑐%, 𝑥%$&'!:%)* ) is the maximum likelihood of cleaned 
𝑥!:%)* whose last 𝑘 points are 𝑥%$&'!)* , ⋯ , 𝑥%)*

Ø 𝑐% = Δ(𝑥!:%)*, 𝑥!:%* ) is the corresponding cleaning cost

31
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l Likelihood optimization
Ø Recurrence equation

Ø Get cleaned result through retracement

Ø Time complexity 𝑂 𝑟&'!𝑘𝑛" , 𝑟 = |𝑊+|

Ø Space complexity 𝑂(𝑟&𝑛")

32
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l Reconstruction
Ø Change discrete symbols 

back to continuous values

Ø For each cleaned point, fit 
Linear Regression (LR) to 
obtain the most possible value

33
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l Parameter advice
Ø K-means symbolization number 𝑟

p argmin Davies-Bouldin Index

Ø Uniform symbolization number 𝑟

p estimated range [#"#$$#"%!
%∗ '(

, %∗(#"#$$#"%!)
'(

]

Ø Markov chain order 𝑘
p directly choose 2 or 3

34
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l Parameter advice
Ø Cleaning budget 𝛿

p chase actual likelihood increase till log ! ∗ #$% !"#&#
! ∗ #$% ! ∗ $

%&#&#

p 𝜏 is current estimated dirty rate (we clean gradually)

35
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l Homomorphic pattern
Ø Different patterns but behaving similarly

36
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l Homomorphic pattern aggregation
Ø Aggregate similar patterns to a homomorphic set

𝐷𝑖𝑠𝑡 ;𝑥+$,:+" , ;𝑥.$,:." ≤ 𝜖 (distance after normalization)

37
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l Homomorphic pattern aggregation
Ø Aggregate similar patterns to a homomorphic set

𝐷𝑖𝑠𝑡 ;𝑥+$,:+" , ;𝑥.$,:." ≤ 𝜖 (distance after normalization)

An empirical value within 0.08 is good

38
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l Homomorphic pattern aggregation
Ø Aggregate similar patterns to a homomorphic set

Ø NP-Hard to find minimum sets from a time series
Ø We propose a heuristic method to solve it

𝐷𝑖𝑠𝑡 ;𝑥+$,:+" , ;𝑥.$,:." ≤ 𝜖 (distance after normalization)

39
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l Homomorphic pattern aggregation
Ø Use set frequency to calculate probability
Ø For a pattern 𝑥+%$,:+%

/" in a homomorphic set 
{𝑥+&$,:+&

/" , ⋯ , 𝑥+'$,:+'
/" } of cardinality 𝑠

𝑃 𝑥+%
/" 𝑥+%$,:+%$0

/" =
∑1203 𝐶 𝑥+($,:+(

/" + 1

∑1203 𝐶 𝑥+($,:+($0
/" + 𝑟

40
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l Homomorphic pattern aggregation
Ø Use set frequency to calculate probability
Ø For a pattern 𝑥+%$,:+%

/" in a homomorphic set 
{𝑥+&$,:+&

/" , ⋯ , 𝑥+'$,:+'
/" } of cardinality 𝑠

𝑃 𝑥+%
/" 𝑥+%$,:+%$0

/" =
∑1203 𝐶 𝑥+($,:+(

/" + 1

∑1203 𝐶 𝑥+($,:+($0
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l Homomorphic pattern aggregation
Ø Use set frequency to calculate probability
Ø For a pattern 𝑥+%$,:+%

/" in a homomorphic set 
{𝑥+&$,:+&

/" , ⋯ , 𝑥+'$,:+'
/" } of cardinality 𝑠

𝑃 𝑥+%
/" 𝑥+%$,:+%$0

/" =
∑1203 𝐶 𝑥+($,:+(

/" + 1

∑1203 𝐶 𝑥+($,:+($0
/" + 𝑟

Time complexity 𝑂 𝑟,40𝑘𝑛% 𝑂(𝑟,40𝑘𝑛% log 𝑛)
42
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l Greedy-based heuristic algorithm
Ø Global optimum is too consuming
Ø Each time we choose to clean one point to obtain 

maximum likelihood increase

43
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l Greedy-based heuristic algorithm
Ø Global optimum is too consuming
Ø Each time we choose to clean one point to obtain 

maximum likelihood increase

No aggregation     𝑂 𝑟,40𝑘𝑛% 𝑂(𝑟𝑘5𝑛 + 𝑘𝑛 log 𝑛)

With aggregation 𝑂(𝑟,40𝑘𝑛% log 𝑛) 𝑂(𝑟𝑘5𝑛 log 𝑛)
44
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l Datasets
Ø 12 datasets with synthetic errors and real errors

45
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l Algorithms
Ø Akane, AkaneH, AkaneH+ 
Ø EWMA, AR-Linear, AR-LSTM, SCREEN, 

SpeedChange, Torsk, NumentaHTM, TripleES, 
FFT, GrammarViz, Sub-LOF

46
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l Algorithms
Ø Akane, AkaneH, AkaneH+ 
Ø EWMA, AR-Linear, AR-LSTM, SCREEN, 

SpeedChange, Torsk, NumentaHTM, TripleES, 
FFT, GrammarViz, Sub-LOF

K-means

47
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l Algorithms
Ø Akane, AkaneH, AkaneH+ 
Ø EWMA, AR-Linear, AR-LSTM, SCREEN, 

SpeedChange, Torsk, NumentaHTM, TripleES, 
FFT, GrammarViz, Sub-LOF

uniform + aggregation

48
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l Measurements
Ø Root Mean Square Error (RMSE)
Ø Accuracy

Ø Execution time cost

49
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l Vary length & error rate on CA and Romania

CA Romania

50
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l Vary length & error rate on CA and Romania

CA Romania

1. More powerful than existing algorithms
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l Vary length & error rate on CA and Romania

CA Romania

1. More powerful than existing algorithms
2. Relatively stable at all length; Better at low rate
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l Vary length & error rate on CA and Romania

CA Romania

1. More powerful than existing algorithms
2. Relatively stable at all length; Better at low rate
3. Faster heuristic algorithm without many sacrifices 53
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l Performance on various datasets

Overall great performance 54
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l Vary K-means symbolization number 𝑟

55
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l Vary uniform symbolization number 𝑟
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l Vary Markov chain order 𝑘
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l Vary distance threshold 𝜖
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l Auto budget selection strategy evaluation

59
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l Parameter experiments show
Ø Performances have close relations to parameters
Ø Our parameter advice is effective

60
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l We use the insight of recurrent patterns to formalize 
perplexity-guided time series data cleaning problem

l We propose a four-phase framework to solve the 
cleaning problem, with parameter analysis and advice

l We further introduce advanced solutions, involving 
homomorphic pattern aggregation and greedy-based 
heuristic algorithm, to enhance generalization

61
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THANKS！

daslab.fudan.edu.cnLaboratory for Data Analytics and Security


