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e Introduction
— What is the problem?
e Research Topics

* An adaptive sampling strategy for online high-dimensional process
monitoring (2015)

* A Nonparametric Adaptive Sampling Strategy for Online Monitoring of
Big Data Streams (2018)

* Online Nonparametric Monitoring of Heterogeneous Data Streams with
Partial Observations based on Thompson Sampling (2022)

e Summary
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What is the problem?
Motivation & applications

* Goal: Develop a systematic and scalable
adaptive monitoring and sampling strategy
that enables us to actively select the partial
“observable” data to maximize the change
detection capability of the whole system
subject to the resource constraints

* |nnovative idea:
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(b) Dynamic sampling strategy over the spatial domain
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e Introduction
— What is the problem?
e Research Topics

* An adaptive sampling strategy for online high-dimensional process
monitoring (2015)

* A Nonparametric Adaptive Sampling Strategy for Online Monitoring of
Big Data Streams (2018)

* Online Nonparametric Monitoring of Heterogeneous Data Streams with
Partial Observations based on Thompson Sampling (2022)

e Summary
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An adaptive sampling strategy for online high-
dimensional process monitoring

Liu, K., Mei, Y., and Shi, J. (2015), “An adaptive sampling strategy for online high-
dimensional process monitoring”, Technometrics, 57, 3, 305-319.
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Problem Formulation & Assumption

e m physical variables M = {1, ...,m}and q (g < m)
sampling resources in a system.

e When the process is in-control:
— Each variable k ~ N(0,1)

e At some unknown time v:

— Mean shift occurs at certain variables and will affect an unknown
subset of data streams

— Eachvariable k ~ N (uy, 1)
e Samples over time are independent of each other

e Goal: Based on dynamic observations in real time,
actively decide which data streams to observe at the
next time for quick detection of anomaly event while still
maintaining a system-wide false alarm rate. 99

W
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e Five variables and two observable

— Red: observable; White: unobservable
e t = 0:Create a local statistic for each variable and initiate W;, o = O for all k

e t = ty:Obtain the measurement based on current layout (Step 1)
Step 2:

Update W, . based on the
observation at t, by CUSUM' < ( : )
W(l) = max (Wk(? L UminXie — mm
WSt W,t

W = max (Wk(? . tmin Update W, . with a small increment:

‘l’ ® = 0
interested-smallest magnitude of At 3t

W(2> w® +|Z'_>Compensat|on

shift for detection kt-1 coefficient
(1) (2)
Wy = max (W, Kt 'Wk,t )
Monitoring
tl X X; X3 Xy Xs Wig | Wor | Wae | Wy | Wy statistics | Updateds
1 |0.0301 N/A N/A N/A 0.0033 0 0.1 0.1 0.1 0
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e (Calculate the sum of largest r local statistics as the monitoring
statistics (Step 3)

— Engineering domain knowledge: Change only affects a small subset of
variables

e Update the sampling layout onto the variables with largest local
statistics (Step 4) e

/ ~
@ W, Wsy | 0.1
Wee | 0.1
® @
5¢ 2t Wse | 01
\_/

® & T
W, W-
4t 3t Wsjt O

Monitoring
Xy X; %€ Xy Xs Wit Wat W3t Wiy Wt statistics Updated s
0.0301 | N/A N/A N/A | 0.0033 0 0.1 0.1 0.1 0 0.3 {2,4}
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lllustration (process in-control) ¢t = 101

Affect 1.722 e Interested to detect u,,;;, = 1.5 mean shift
mean shifts Occur 3 6 | , , .
@ w,, mean shifts

w (2 @w

W

=N
T

monitoring statistics

o<

20 40 60 80 100

t
Monitoring
t X X X3 Xy Xs Wig | Wae | Wae | Wy | Wey statistics Updated s
1 | 00301 | N/A N/A N/A 0.0033 0 0.1 0.1 0.1 0 0.3 {2,4}
2 N/A | -24866 | N/A -1.8268 | N/A 0.1000 | 2.7049 | 0.2000 | 1.7151 | 0.1000 4.6201 {2,4}
101 | N/A |-06248| N/A N/A 0.6495 | 0.4000 0 0.5000 | 04000 | 2.2731 3.1731 {3,5}
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lllustration (process out-of-controll t = 150

Affect 1.722 e Interested to detect u,,;;, = 1.5 mean shift
mean shlfts Occur 3 250 | |
mean shifts
2001 f*(
@
War B
:(§ 150 &
o
£ ’
", @ O
o
£
50F
o
0 150
Monitoring
t X X X3 Xy Xs Wig | Wae | Wae | Wy | Wey statistics Updated s
1 00301 NA | NA | NA | 00033 O 01 | 01 | o1 0 03 (2,4)
2 N/A | -24866| N/A | -1.8268| N/A | 01000 | 2.7049 [ 0.2000 | 1.7151 | 0.1000 4.6201 {2,4}
101 | N/A |-06248| N/A N/A 0.6495 | 0.4000 0 0.5000 | 04000 | 2.2731 3.1731 {3,5}
150 | 2.8230 | 4.1308 [ N/A N/A N/A [ 684773 |147.6343| 4.7718 | 46768 | 4.6899 220.8834 {1,2}

11 Lab for System Informatics and Data Analytics (SIDA)



TRAS algorithm

e Three major steps: interested-smallest
magnitude of shift for

— how to construct local statistics: N ,
“ detection

2

* If(k €5), Wk(,i) = max (Wk(,?—l T Uminfk,t — —u";n, 0) and Wk(,? =

2
(2) Umin .
max (Wk,t—l — UminXk e — —_ 0), Incremental
parameter

e Otherwise (k & S), Wk(;) = Wk(;)_l + A and Wk(’? = Wk(,?—l +|A.

o Let W, = max (Wk(,?, Wk(%)).
' _ Engineering domain

— when to indicate process is put-of-control: ~ knowledge: Change only

. affects a small subset of
° Ntop,r(d) = inf{t = 1:Xk=4 k)t = d}. Sensors

— how to update sampling layout :
* Denote the index of the decreasing order statistics Wy ¢ as i)

e S = {l(l), vy l(q)}

12 Lab for System Informatics and Data Analytics (SIDA)
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—
u

Property 1: Assume pi, = Upin Uk — % — A < 0forany k € M. Denote U by

those k € M such that the variable k will never be observed again after some
finite time t,. Thenas d — o, P(U = @) — 1, where @ represents the empty set.

— Resampling each variable with infinite number of times (i.e. all variables will not
be left unattended)

Proof by contradiction:

e Denote M = {1, ..., m}. Suppose sampling resources will never be redistributed
to the set of variables U # @ after time t.

Lemma 1: Wy = Wy o, forve’ > t, vk’ € M\U, and Vk € U.

 There must be a series of X,/ .+ such that either },;7_; (uminXk/,t, —

u2

, / 0

2

min > At/
5 =

u

u

2 .
o limp_ P (2?:1 (uminxk’,t’ - r;m) = At') +

2 .
limer o P (Z(tx;=1 (_uminXk’,t’ - nzlm) = At’) =0

— U=209

u Contradictory

W
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Properties & Proofs

2

Property 2: Let B = {k € M: p;, = UpinUk — — A > 0}. Then, for any finite time t,

once the variable k € B is observed at time t, there is @ nonzero probability such that
this variable will be kept observing at all the future time, as d — oo.

— Sampling resources will eventually stick to the anomaly regions: localize the
anomaly event.

Proof :
* Considering the variable k, where k € S; attime t and k € B. Then, W), = W,

for k' & S,. Define Yy , = Xy t4n — Ymin _ 8 ond Hin =22 Yei- {Hgnin =

2 Umin

0} refers to the Guassian random walk process, where Hy, , = 0.

<Gr) (Y
e P(G=0)=PHy,=0Vn=0)= \/—5kexp{ Zr 0r'(2r+1)( 7) } (Chang
and Peres, 1997), where G = min{Hy ,:n > O}, O = Uy — u"z“" — uA_ and {(+) is

the Riemann zeta function. (An increasing function as 6; gets larger).

e According to property 1, sampling layout will not stick to the variables in M\ B, and
thus they must be redistributed to the variables in B at some time. .

Lab for System Informatics and Data Analytics (SIDA) W/



SACNNRY
Solar dynamic observatory Example of Solar flare

source: NASA

e Asolar flare is a sudden, transient, and intense variation in brightness
e High-dimensional: each frame has 232 x 292 = 67744 pixels

e lLarge volume: 130Mbps, acquires ~ 11TB of data each day

e Goal: real-time detect abnormal solar flares from partial streaming data
— Assume only 2000 out of 67744 pixels are available
— Accounts for only 2.95% partial information

Lab for System Informatics and Data Analytics (SIDA)




Original data t=101 1:‘»E;Im'.::ﬂn|t1=::ur|ng statistics t=101
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Sensor location t=101 %%
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3000 | _
2000 | _
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: ¥

L\
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Original data t=181 1ﬂ%nltnrlng statlsltlcs t=181

10000

9000

6000

7000

6000

Sensor location t=181 000
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Monitoring

Original data t=200 ..,,,

10000
9000
6000
7000

6000
Sensor location t=200 -°00

TR
3000
2000
1000

0

statistics t=200

T

0

100 20

t
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Monitoring

Original data t=233 ...,

10000
9000
6000
7000

6000
Sensor location t=233 5000

s
3000
2000
1000

0

statistics t=233

[

T

0

100 20

t
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Original data t=300 ...,

Monitoring statistics t=300

10000 -

9000

8000 -

7000 +

6000

Sensor location t=300 20001

ﬁ

4000 +
3000 -
2000 +
1000 = —
e
0 \'J 1
0 100 200 300

t

Our method, base on 2000 pixels

Xie et al. (2013), based on 67744 pixels

First solar flare

t =190

t =191

Second solar flare

t =221

t =217

20
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Real-time Monitoring Yes No
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Summary of the proposed TARS sampling
strategy

* A systematic adaptive sampling strategy is proposed for
real-time monitoring of Big Data streams with dynamically
selected partial information.

* Scalability: linear in the number of data streams

* Adaptability:

— Quickly detect a wide range of possible changes with no prior
knowledge of the potential anomaly events by adaptively adjusting to
the event locations;

— Actively select the data streams to observe from the whole streaming
data to maximize the sensitivity for anomaly detection with
consideration of resource constraints.

e Limited in the normality assumption

Lab for System Informatics and Data Analytics (SIDA)



A Nonparametric Adaptive Sampling Strategy
for Online Monitoring of Big Data Streams

Xian, X., Wang, A., and Liu, K. (2018), “A Nonparametric Adaptive Sampling Strategy for Online

Monitoring of Big Data Streams”, Technometrics, 60, 1, 14-25. (This paper received the Best Student
Poster award in Quality, Statistics, and Reliability Section of INFORMS, 2016; This paper is selected for
presentation in the Technometrics invited session in the 2018 INFORMS conference)

22 Lab for System Informatics and Data Analytics (SIDA)



Ohbjective & Problem formulation

Objective

— Propose an adaptive nonparametric monitoring scheme with only partial
observations available.

Problem formulation and assumptions
— Measurement of the p variables at time ¢:
X(®) = (X,(6), X5 (), .., X, ()

— Only r (r < p) out of p variables can be “observable” at each time t.

— When the process is in-control:
 All variables are exchangeable (not necessarily normal!)
 In-control mean of X(t) is0 = (0,0,---,0)".
— At some unknown time T,
« Unknown mean of X(t): u’ # 0.
« The number of affected variables is unknown.

23 Lab for System Informatics and Data Analytics (SIDA)
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Nonparametric Anti-rank
hased Sampling strategy [NAS)

* Anti-rank
Variables and i X() = ()~(1(t),X2(t), w0 Xp (2), 0)
anti-ranks XBl(t)(t) < XBz(t)(t) << XBp+1(t)(t)'

[llustration purpose, more complicated
rank can be considered

Theorem. Let vz be the probability measure defined by the joint distribution function
F(x) of the p measurements. If vy(0) > 0 for any open set O € RP, which includes
the origin in its closure and has positive Lebesgue area, then the distribution of the
anti-rank indicator &(t) is different from its in-control distribution when the
hypothesis u; = p, = -+ = u, = 0 is violated by the shift in the mean vector of the

process, where gt = (py, i, -+, 1y ) is the mean of X(¢).
Can be extended to other anti-ranks to facilitate distributional shift. e

| | W
24 Lab for System Informatics and Data Analytics (SIDA) W/



hased Sampling strategy (NAS)

« Example in partial observations

x@) | 32 | 05 [((28) NA | -16 | NA
p

$(t) 0 A 0 A
x(r) | ehallenge]$te) notiwvell-definedt [0 )
gt | 0 0 0 A 0 A | A

The compensation coefficient A is a pseudo observation that represents
the likelihood of each unobservable variable taking the first anti-rank.

 Generalized anti-rank indicator

i (0B ®=p+1
0, observable but B;(t) #j ,j =12, p. $pr1 () = {O, Bi(t) #p+1

A, observable and B, (t) = j
¢;i(t) =
A,unobservable

(1) Offline parameter settings for 4, 4, A,
(2) Online monitoring /

9 = (91,92, 9p+1),9; = P(B1(t) = DIE
$)=ge&

long run probability of anti-ranks.

25 Lab for System Informatics and Data Analytics (SIDA)



Three major steps of the NAS algorithm

1. Construct CUSUM statistics

Local statistics, ( . . :
weighted sum of f(t)J\ S(¢) =0, R(t)=0 ifC <k,
{S@=(St-1D+&®) (. —k)/C,
Behaves like the R(t)=RE-1)+g)(C—k)/C if C, > k.
expected IC S(t)
C,=(S(t—1)—R(t—1) + &(t) — g)' - diag (R1 —— ""Rp+1(t_11>+gp+1) .

(S(t—1)—R(t—1)+ &) — g), where S(0) = R(0) = 0, k is a constant.

2. Stopping time

Measures the _ _ ' 1 1 _
difference between ye = (S() — R()) diag <R1 G Rp+1(t)> (5() — R®).
$(t) and R(t) Stop the monitoring process when y;, > h.

3. Sampling strategy

O'?Shefxe f'ata Stfleamf Denote j ;) to be the variable index of the decreasing order
with the largest loca .. ) , :
statistics S(t) statistics of (51(t), ;Sp(t))1 observe {ji1e, -, jr),e} at time ¢t + 1.

L\
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IC Property: Assume that 4 > % Let U denote those variable i € P that can

never be observed after some finite time ¢, i.e., 3ty such that U = N{Z3 U(L).
Ash — o, P(U = @) - 1, where @ represents the empty set.

A: compensation coefficient, A: OC penalty, r: number of observable variables.
« Redistributed to each variable with infinite number of times (i.e. no variables

will be left unattended)

Proof: ‘

- Lemmal1:5;(¢t) < S;(¢),forallt > ¢y, j € P\Uandi € U.

301

25

0

7 -

- $i(t) = Si(t) < S(to) = Si(to) + =i (& (t) — 4).
- Yh=1(&; (&) — 4) is a general random walk with mean E¢;(t,,) — 4 =

%_ A< 0,2 S(t) < Si(&y). Contradiction!

27 Lab for System Informatics and Data Analytics (SIDA)




OC Property: Suppose after time t,, there is a mean shift. Let D be a set of out-
of-control variables in the sense that D = {j: P(& () =Alj € 0(®)) > %} Then

once j* € D is observed at time t, there is a nonzero probability that variable j*
will always be observed forever, i.e., j* € O(t) for VT > t.

« Monitoring resources will eventually stick to the variables with large mean
shifts.

50 r

40

0 . .

Proof: Denote j(1), ...,j(p)e @ the variable indices such that S; (t) =

Sj(z)t(t) > e > Sj(p)t(t). Define the difference between the increments of

S;(t) onvariable j* and i, ;1) ;4, at time ¢ + n to be Z;- ;.

o Zpa>Eplt+n) =4 P(SH - S

t+N (r+1),t+N > (0 forany N > O) >0

28 Lab for System Informatics and Data Analytics (SIDA)
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Simulation settings

— Based on 5000 replications, ARL, = 370.
— Different magnitudes of mean shifts.
— Different choices of number of observable variables r.

Competing algorithms

Lab for System Informatics and Data Analytics (SIDA)




Out-of-control average run length. Assume that p = 6 variables follow an independent
N (0,1) distribution. One randomly selected variable has a shift with magnitude of 6.

NAS TRAS RS QHO3
o, §=1.0 24.65(0.26) | 17.57(0.18) | 41.45(0.75) | 12.55(0.15)
§=2.0 11.78 (0.09) | 5.48(0.03) | 20.53(0.31) | 4.41(0.03)
§=30 7.60 (0.06) 3.72(0.02) | 17.18(0.24) | 3.24 (0.01)

NAS TRAS RS QHO3
. 5 =1.0 22.00 (0.22) | 16.00(0.15) | 38.95(0.56) | 12.55(0.15)
§=20 7.89 (0.06) 4.92 (0.03) | 15.30(0.17) | 4.41(0.03)
§=30 5.72 (0.03) 342 (0.01) | 12.01(0.12) | 3.24(0.01)

NAS TRAS RS QHO3
o §=1.0 18.67 (0.21) | 1556 (0.15) | 26.65(0.38) | 12.55(0.15)
§=20 5.91 (0.05) 4.81(0.03) | 10.98(0.10) | 4.41(0.03)
§=30 4.09 (0.02) 3.35 (0.01) 8.39 (0.06) 3.24 (0.01)

30
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Out-of-control average run length. Assume that p = 6, variables follow an independent
exponential distribution. One randomly selected variable has a shift with magnitude of §.

NAS TRAS RS QHO3
. §=1.0 14.97 (0.12) | 30.17(0.28) | 24.97(0.38) | 8.52(0.11)
§=20 8.32 (0.08) 9.22(0.03) | 19.10(0.27) | 3.62(0.03)
§=30 7.33 (0.07) 6.90 (0.02) | 17.12(0.23) | 2.54(0.02)

NAS TRAS RS QHO3
. §=1.0 13.40 (0.14) | 29.21(0.26) | 21.58(0.29) | 8.52(0.11)
§=20 6.73 (0.05) 8.65(0.03) | 12.69(0.15) | 3.62(0.03)
§=30 5.39 (0.03) 5.67(0.02) | 10.62(0.12) | 254 (0.02)

NAS TRAS RS QHO3
o §=1.0 12.72(0.12) | 28.65(0.25) | 16.31(0.18) | 8.52(0.11)
§=20 5.55 (0.04) 7.39 (0.03) 8.68 (0.07) 3.62 (0.03)
§=30 4.21 (0.02) 4.59 (0.02) 7.38 (0.06) 2.54 (0.02)

31
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Out-of-control average run length. Assume that p = 10, variables follow a MN(100; (P, ..., P1g))
distribution where P; = 0.1. One randomly selected variable has a shift that P; = 1—10 (1+9).

NAS TRAS RS QHO3
. 6 =20% 48.09 (0.83) | 61.00(0.73) | 68.19(1.80) | 15.53(0.28)
6 =50% 9.75(0.14) | 10.60(0.06) | 20.05(0.39) | 4.21(0.04)
6 =100% 4.83 (0.03) 5.60(0.02) | 12.99(0.21) | 2.21(0.01)

NAS TRAS RS QHO3
e 6 =20% 4374 (0.61) | 50.99 (0.61) | 48.42(0.98) | 15.53(0.28)
6 =50% 8.30 (0.08) 8.82 (0.05) | 11.49(0.16) | 4.21(0.04)
6 =100% 4.14 (0.02) 4.53 (0.01) 6.40 (0.07) 2.21 (0.01)

NAS TRAS RS QHO3
o 6 =20% 32.92(0.53) | 50.12(0.62) | 39.79(0.71) | 15.53(0.28)
6 =50% 5.98 (0.07) 8.50 (0.05) 7.86 (0.09) 4.21 (0.04)
6 =100% 2.93 (0.02) 4.34 (0.01) 4.15 (0.04) 2.21 (0.01)

32
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sSummary of the nonparametric
big data monitoring research

e The online NAS algorithm is proposed for real-time
monitoring exchangeable distributions, in the cases that
only partial observation of data streams is available.

e Two properties of this algorithm with theoretical proofs
are investigated.

e Still limited to the homogeneous assumption.

Lab for System Informatics and Data Analytics (SIDA)




Online Nonparametric Monitoring of
Heterogeneous Data Streams with Partial
Observations based on Thompson Sampling

Ye, H., Xian, X., Cheng, J. C., Hable, B., Shannon, R. W., Elyaderani, M. K. and Liu, K.
(2022), “Online Nonparametric Monitoring of Heterogeneous Data Streams with Partial
Observations based on Thompson Sampling”, IISE Transactions, accepted. (This paper
received the Best Student Paper Finalist award in the QCRE Section of Industrial and
Systems Engineering Research Conference (ISERC), 2020).

34 Lab for System Informatics and Data Analytics (SIDA)



Ohjective & Prohiem formulation

e Objective

— Propose a nonparametric framework for monitoring heterogeneous data
streams with only partial observations available.

e Problem formulation and assumptions
— Measurement of the M data streams at time t:
X(t) = (X, (), X, (), ... Xy ()

Only m (m < M) out of M data streams are “observable” at each time t.
— When the process is in-control:

e Data streams are heterogeneous

e In-control mean of X(t) is u = 0 and standard deviation is 1
— When the process is out-of-control:

e Unknown mean of X(t): u’ # 0 at unknown time

e The number of affected data streams is unknown.

| | W
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observations
X(t) 3.2 NA | -2.8 NA | -16
&(t) 0 2 ? 2. 0 ?
Challenge: & '

Hierarchical Bayesian structure
0(t): true time-varying parameter

x 0§ ~Dir(a(t)
$ (t)~Cat(6’I(t)) e ap(t) = gt — 1) +| 1fegiep)= 1)

observations

0(t)~Dir(a(t — 1)) a(t — 1) : prior concentration parameter

-

Gk ,observable and B, (t) = j
mj(t) = { keo(t) =12, M.
0, observable but B, (t) # j
Gij unobservable

%

36 Lab for System Informatics and Data Analytics (SIDA)



a(t) =a(t—1) + w(t)

The 0(t) can be estimated by

~ N al) _g+Xi_, a0
e(t)_ZM aj(t)  t+1

The first antirank indicator n(t) is constructed as follows:

"

g, (t), observable and B, (t) = j
(1) = 4 k€EO(®) =12, M.
() 0, observable but B;(t) # j /
| éj(t}, unobservable
W
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AITS algorithm

1. Construct CUSUM statistics

Local statistics S,(:l) =0, S,(:Z) =0 if C; <k,
based on S S(l)
observations i =82+ () ) (C—k)/ C
Behaves like the Stz = (5%2_)1 + g) (Ci—k)/ C; if C; > k.
expectation of
i 1 1
1) _ <@ ST D) _ @
Ce=\S;2, =S, +n)—g ~dlag< ) S, =S, +nt)—g
(S5 =5 e =0) o g5 ) S0 0)

where Sgl) = S(()Z) = 0, k is a constant.

2. Stopping time Measures the
' 1 1 difference
_ (¢ _ @Y 5. (1) _ (2
Ve = (St S; ) diag (S(Z)’ ...S(Z)> (St S; ) between S and
1t Mt ) ‘
Stop the monitoring process when y; > h. St

38 Lab for System Informatics and Data Analytics (SIDA)
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AITS algorithm (con't)

3. Sampling strategy

ey

1) Draw asample Y~Dir(Ny, Ny, -+, Ny ), where N; = — Lt = for

k=1 Sk,t

j=12,M;
2) Letj be the data stream index of the decreasing order of

(Y1, Y5, -+, Y,) such that Vi, 2Y, 22Y Then, observe

Jmy’
{j(l)lj(Z); e ;](m)} at tlme t + 1
Sampling over Increase chances to
heterogeneous observe OC

variables variables

Exploit/shift
detection

I )
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Main Theorem

Theorem: Under the null hypothesis Hél): U1 = Uy = =+ = Uy, SUPPOSE
that k = 0, given 8(0) = 17(0) = g, if all data streams are independent,

then E (@(t)) = ]E(n(t)) = g under the AiTS algorithm.
Proof: by induction.

e Lemma 1:E(w(t)) = g under H(()l) givenE(n(t—1) =g
e Unbiasedness: IE(a(t)) =(t+1g I::)IE (@(t)) =g

e Sampling property: [E(n(t)) =[E (IE (n(t)lé(t))) =9

Take-home message: with partial observations,
« A(t) is an accurate estimator of the underlying process

» Ensure the validity the antirank-based CUSUM framework and explain
why we can effectively handle the heterogeneity among data streams
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e Competing algorithms
— The NAS algorithm (Xian et al., 2018)
Assuming partial observation and exchangeable
— The RS method
Assuming random sampling strategy
— The QHO01 method (Qiu and Hawkins 2001)
Assuming full observations available

e Simulation settings
- M =6, based on 10000 replications, ARLy = 370
— Different magnitudes of mean shifts (6 =1, 2, 3)
— Different choices of m (m =2, 3, 4)
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Simulation results (Case 1)

Parameters:

AiTS method: k=0.1

NAS method: k = 0.2, A=0.13

RS method: k=0.1
QHO1 method: k = 0.05

Half data streams are standard normal
Half data streams are POI(3)

g = [0.169, 0.169, 0.169, 0.164, 0.164, 0.164]

AITS
m=2 5=1.0 31.91 (0.50)
§=20 11.85 (0.12)
§=3.0 9.06 (0.08)
m=3 5=1.0 17.53 (0.19)
§=20 6.11 (0.04)
5=3.0 4.52 (0.02)
m=4 5§=1.0 12.90 (0.12)
5=2.0 4.82 (0.02)
§=3.0 3.63 (0.01)

Low-level heterogeneity

NAS
39.66 (0.29)
16.00 (0.09)
12.69 (0.06)
26.47 (0.19)
9.18 (0.04)
6.80 (0.02)
20.87 (0.15)
6.86 (0.03)
5.06 (0.01)

RS
62.33 (1.04)
21.42 (0.28)
15.49 (0.18)
23.34 (0.27)
8.89 (0.06)
6.89 (0.04)
16.26 (0.15)
6.32 (0.04)
4.85 (0.02)
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QHo1
9.90 (0.09)
3.81(0.02)
2.81(0.01)
9.90 (0.09)
3.81(0.02)
2.81(0.01)

9.90 (0.09)
3.81 (0.02)
2.81 (0.01)




Bayesian estimation when the shift happens
at the first data stream

07 —Mm=2 o7 —B=3 07 —m=4
5=3
06 1 0.6 1 06F
6=2 « Deviations from g,
ol | sl | gl _ imply the capture of
S —>  mean shift
« Alarger m or § leads
0.4 - 1 0.4[ 1 04} 1 51 to a Iarger él(t)
03r 1 03 03}
A « E(6:(0) = g4
0.2 1 02t 1 02 .
__________ . * Anarrower
confidence band as
" 5000 0 5000 0 5000 time goes
Time Time Time
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Parameters:

— AiTS method: k=0.1

— NAS method: k=0.2, A=0.12

— RS method: k=0.1
— QHO1 method: k =0.05

g =[0.180, 0.127, 0.148, 0.181, 0.185, 0.179]

Medium-level heterogeneity

44

6=10
6=20
6=30
6=10
6=20
6=3.0
6=10
6=20
6=3.0

AITS
42.75 (0.63)
13.96 (0.13)
10.89 (0.09)
18.16 (0.18)
6.71 (0.04)
5.22 (0.02)
12.74 (0.12)
4.72 (0.03)
3.63 (0.01)

NAS
199.99 (2.14)
84.64 (1.22)
61.76 (0.99)
38.93 (0.38)
11.48 (0.06)
8.74 (0.03)
25.79 (0.23)
7.54 (0.03)
5.62 (0.02)

Simulation results (Gase 2]

standard normal

t(3)

Exponential(1)

)(120
POI(3)

Binomial(10, 0.9)

RS

130.13 (2.33)

35.62 (0.55)
25.00 (0.34)
25.17 (0.30)
9.53 (0.07)
7.53 (0.05)
16.20 (0.16)
6.47 (0.04)
4.96 (0.02)
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QHO1
11.25 (0.10)
3.89 (0.02)
2.92 (0.01)
11.25 (0.10)
3.89 (0.02)
2.92 (0.01)
11.25 (0.10)
3.89 (0.02)
2.92 (0.01)




Parameters: 077 1 0.80.40.30.20.1]
—  AITS method: k = 0.1 ol [0.8 1 0.70.40.30.2
a0z o rcomn o o107 4 ososos
- QHOL method: k=005 ol lo103 03 0404 1.

g = [0.191,0.111,0.140,0.154,0.186,0.218]

High-level heterogeneity
AITS NAS RS QHO1
m=2 §=1.0 45.77 (0.82) >370 330.09 (7.59)  7.17 (0.06)
§=20 1419 (0.12)  159.91(1.52) 89.56(2.23)  3.14(0.01)
§=30 11.84 (0.09) 146,59 (1.50)  54.87 (1.19)  2.59 (0.01)
m=3 §=1.0 13.93(0.14)  45.40(0.79)  24.34(0.32)  7.17(0.06)
§=20 596(0.03)  14.94(0.32)  9.75(0.07)  3.14(0.01)
5=30 507(0.02)  11.54(0.05)  8.30(0.05)  2.59 (0.01)
m=4 §=1.0 0.93(0.08)  18.65(0.13)  13.42(0.12)  7.17 (0.06)
§=20 439(0.02)  7.15(0.03)  6.17(0.04)  3.14(0.01)
5=3.0 378(0.01)  6.02(0.02)  5.16(0.02)  2.59(0.01)
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— 1336 normal samples and 150 data streams

— m =30 (20%) observable data streams
— The in-control ARL is set to be 370

SemsgosuNs_

Correlation among 150 data streams

High heterogeneous

In-control Probability

a 50 100 150
Variable Index

Estimated parameter g of the wafer data
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Demo of AiTS method

Observed Unobserved Out-of-control

X1 X2 % X3 X4 X5
] | .
¥ - -2 2
0 1501 O 1 0 150 0 150 0 150
X6 X7 X8 X9 X10
; : :
0 0 0 . .
_go | ol ] ol v .so 3l o The percentage of time being
X11 X12 X13 X14 X15 Sampled
; 2 : 2 z
.2 0 0
3 2 3 2 : oe Before  Atter shift
0 150 o 150 0 150 © 150 © 150 variables shift
X16 X17 X18 400
6 4 < _-———cg.‘:::lshz Xl 30% 39%
I 14 11 =
‘0 150 0 750 20 150, X2 6% 7%
X19 X20 X21
2
. 5 g 100 X11 26% 65%
= 5 2 4
0 150 0O 150 0 150 o 50 100 150
Time
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Run Length

Gase study results

20% Observations

50% Observations

80% Observations

4?0 8[130 8[1)0 10100

200
1

' 4 i
: — |+
NAS AITS NAS AITS NAS AITS
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« The AITS algorithm is proposed for real-time monitoring
heterogeneous data streams with only partial observation
of data streams.

« Theoretical justifications of this algorithm are investigated.

« Simulation and case study reveal the capability of AITS to
capture the heterogeneity and to quickly detect a wide range
of possible mean shifts.
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e Introduction
— What is the problem?
e Research Topics

* An adaptive sampling strategy for online high-dimensional process
monitoring (2015)

* A Nonparametric Adaptive Sampling Strategy for Online Monitoring of
Big Data Streams (2018)

* Online Nonparametric Monitoring of Heterogeneous Data Streams with
Partial Observations based on Thompson Sampling (2022)

e Summary

Lab for System Informatics and Data Analytics (SIDA)
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A Top-r based Adaptive Sampling Strategy: Online monitor normally distributed big
data streams in the context of limited resources

A Nonparametric Adaptive Sampling Strategy: Online monitor non-normal
(exchangeable) big data streams in the context of limited resources

Online Nonparametric Monitoring of Heterogeneous Data Streams: Online monitor
arbitrarily distributed big data streams in the context of limited resources by
Thompson sampling

Effective Online Data Monitoring and Saving Strategy: intelligently select and record
the most informative extreme values in the simulation data

A Spatial Adaptive Sampling Procedure: leverage the spatial information and
adaptively and intelligently integrate two seemingly contradictory ideas (Wide and
deep searches)

A Rank-based Sampling Algorithm by Data Augmentation: automatically augment
information for unobservable variables based on the online observations

Online Nonparametric Monitoring and Sampling for High-Dimensional
Heterogeneous Processes: Seamlessly integrate the Thompson sampling (TS)
algorithm with a quantile-based nonparametric cumulative sum (CUSUM) procedure

S
©

ST
=1
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Thank youl!
Questions?

Phone: (608) 890-3546
E-mail: kliu8@wisc.edu
Homepage: https://kaibo.ie.wisc.edu/index.html
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