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Abstract. We propose a pipeline for pattern search in multivariate time
series. Existing machine-learning-based pattern search methods query
time series with a sliding window, retrieving patterns of fixed sizes and
assessing the pattern relevance based on the characteristics of the data
within the window, oblivious to the pattern’s context. We propose non-
myopic search - instead of direct pattern classification, it classifies
whether each time point belongs to a target pattern and groups the
in-target-pattern time points into pattern intervals using density-based
clustering. This approach scans the data only once and retrieves variable-
sized patterns, while being aware of the temporal context of the pat-
terns. Experiments verify that nonmyopic search outperforms conven-
tional search in retrieval accuracy and speed. Our method helps auto-
motive engineers trace events of interest in ECU measurements, while
the framework is open to other models and domains.

Keywords: Time series - Pattern search - Active learning.

1 Introduction

Searching for occurrences of an event in chronologically recorded real-valued ob-
servations, known as time series [3], is a ubiquitous task in various domains, such
as tracking an incident in IoT measurements |[20]. detecting known pathogenic
fragments in genomic sequences [10|, identifying similar market behavior in his-
torical stock prices [11]. These practical issues can be formulated as time series
pattern search, which addresses the problem of retrieving intervals of patterns
in a time series that are similar to the given examples.

This task is challenging due to the obscurity of “similarity”, which varies in
use cases and can be subjective [13]|. Machine learning models can capture the
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notion of similarity exhibited in the labeled examples [9} |12]. Unfortunately, la-
bels are often scarce, impeding model training for time series pattern search [19].
Accordingly, researchers propose inviting users to verify patterns suggested by a
tentative, rule-based (i.e., not involving model training) initial search |[10} 22].
We call such user-in-the-loop pattern retrieval “feedback-driven pattern search”.

Existing methods for feedback-driven pattern search suffer from two weak-
nesses. 1) Fixed pattern size: The time series is queried by a sliding window,
whose size dictates that of the found patterns. To retrieve patterns of variable
durations, multiple differently sized sliding window kernels are required, each
scouring the data once. 2) Context-obliviousness: The pattern relevance is
appraised based on the features in the window without context. Sometimes, the
target event lacks characteristic features itself but may be preceded or succeeded
by distinctive signals that the user may not even notice a priori. In that case,
considering the temporal proximity may contribute.

We present NOOPS, a model-agnostic pipeline for feedback-driven pattern
search. It features nonmyopic search, classifing whether each time point in the
time series is located in a target pattern or not, rather than classifying patterns
at each position of the time series as relevant or not. The “in-target-pattern” time
points are then merged to found pattern intervals. We call this technique non-
myopic search because, as we will show, it recognizes patterns of different sizes
and even peeks into their context to overcome the aforementioned weaknesses.

Please refer to the unabbridged preprint of this work including all appendices
under https://dx.doi.org/10.2139/ssrn.5180352,

2 Related Work

Similarity Measures. Time series pattern search algorithms, especially the
rule-based ones, often rely on a similarity measure (alternatively, a distance
measure) to gauge the relevance of a pattern with respect to the query (a given
example of the target event). The similarity measure plays a decisive role in
retrieval accuracy [1]. Basic options include cosine similarity [5], Mahalanobis
distance |16, and variants of the L? norm, such as Euclidean Distance (ED) [15],
and Chebyshev distance [7]. To capture temporally distorted patterns, elastic
similarity measures are proposed, where Dynamic Time Warping (DTW) and
its variants |18] are the most widely accepted and proven hard to beat for time
series classification [2]. Unfortunately, “no single algorithm accounts for human
judgments of time series similarity” [13|. Hence, many works employ a model
in place of the rule-based similarity measure to assess the pattern relevance [9|
12|. Our pipeline begins with a rule-based initial search and proceeds with the
model-based feedback-driven search. The initial search uses ED as the similarity
measure due to its speed, the primary concern of the initial search, while the
feedback-driven search aims for a high retrieval accuracy.

Traversal Approaches. The similarity measure or the model discussed in the
previous paragraph requires a traversal approach to search time series. The clas-
sic approach, named “sequential scanning” 6], checks every position in the time
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series against a pattern in a sliding window, which cannot retrieve patterns of
variable sizes efficiently. One solution to this problem is to match pieces in the
query with pieces in the time series with the same properties (e.g., monotonic-
ity), and a matching pair of pieces may differ in size [14]. Another possibility is to
formulate the query as a regular expression that can search a symbolic represen-
tation of the time series, where regex quantifiers describe the scaling along the
time axis |17} 21]. In addition, other works propose computational techniques |[3g].
However, these approaches only apply to certain rule-based similarity measures.
For model-based pattern search, only sequential scanning is viable |10} 22]. Our
traversal approach breaks this convention and embraces nonmyopic search, over-
coming the two weaknesses and achieving higher retrieval accuracy and speed.

3 Method

3.1 Pipeline: An Overview

e Multi-feature feedback

' Data Il ——<—
— || — Labelsl
9 Point-based classification
® '. “In-pattern” points NN I 1111 I 11" IS 1] -
| l @ Density-based clustering I
Pattern intervals Il I I I I |
Analyst
m ° Initial search 1
- (rule-based)
Initial query Sampling results

Fig.1: Processing Pipeline. NOOPS combines time-point-based classification
and density-based clustering to get variably sized patterns based on their internal
dynamics and their context.

A time series S = [s; € RY] of length n and dimension d is an ordered

0<i<n
sequence of n real-valued vectors in R?. We use the matrix notation with square
brackets for indexed sequences and use curly brackets for sets of unordered,
duplicate-free elements (e.g., all found patterns). We define: 1) a subsequence
S (a,b) of S, from index a inclusive to b exclusive, as S (a,b) = [si],<;-p; 2)
a query of length w as Q = [q: € Rd]o cicws and 3) a relevance function fral :
R®=a)xd 5 [0 1] that maps S(a,b) to a relevance/confidence score.

We define the task time series pattern search as follows: Given a time series
S and one or more target pattern examples, retrieve all subsequences {S (a,b) |
frer (S (a,b)) > 7€ (0,1)} in S, whose confidence is no less than a threshold 7.

We propose a four-stage pipeline for feedback-driven pattern search in time

series, illustrated in Stage @ detailed in Appendix C searches for the
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query @ with a fast rule-based method, Mueen’s Algorithm for Similarity Search
(MASS) |15] to obtain initial results. This stage is necessary if there is only one
target pattern example provided. Stage @ elaborated in Appendix D collects
user feedback, injecting domain knowledge and the user’s notion of relevance
into the pipeline. Stage @) and Stage @ form the nonmyopic search, our major
algorithmic contribution. Stage @) trains a model with labels from Stage @. The
model input is S (i — h, i + h + 1) around a time point s;; the model output is
the probability of s; located in a target pattern frel (S(i—h,i+h+1)), where
we use frer: R2VF1 5 d — [0, 1] instead of f,e; to indicate the usage of the model
for estimating the relevance of a time point, rather than the relevance of a pat-
tern. Because users do not expect individual time point, but complete patterns,
Stage @ groups in-target-pattern time points into intervals {(a,b) | S (a,b) € {F}}
using density-based clustering, where {F} is the set of all found patterns.

3.2 Time-Point-Based Classification: The Adaptive Core

Traditional Search Nonmyoptic Search

Time series data

Classify time point"'s’@
Cluster “in-pattern” time points §

Classify windowéé

Confidence profile
_—~

..... Found patterns

Susceptible to or Aware of and

Fig. 2: Traditional vs. Nonmyopic Search. Traditional search applies a slid-
ing window over the time series to get a confidence profile, where local maxima
correspond to detected patterns, and the pattern length equals the window size.
It is cumbersome for variable-length pattern retrieval and disregards pattern
contexts. Nonmyopic search classifies each time point as inside or outside the
target pattern and clusters the in-target-pattern points into pattern intervals. It
recognizes variable-length patterns in a single pass and is context-aware.

In NOOPS’s pipeline, Stage @) serves as the adaptive core. The traditional model-
based pattern search classifies time series patterns directly. The input size of
the model dictates the size of the found patterns. To obtain patterns of different
sizes, the model has to go through multiple resampled versions of the time series.

We propose training the model to estimate if a time point is inside or outside
a desired pattern (hereinafter called a positive or negative time point, respec-
tively). The confidence of all time points is

(1)

C; =

G s [Fa(St—miitha+1), ifh<i<n—he
N 0, otherwise

0<i<n
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where we pad the confidence with zeros (especially for 0 < i < hq, but also
for n — hs < i < n) so that the time point indexes do not shift. h; and hs
are hyperparameters that we call “lookbehind” and “lookahead”, respectively,
because they resemble the positive lookbehind and positive lookahead in regular
expression. The indexes of the positive time point are

B:{i|ﬁel(5(i—h1,i+h2+1))27} (2)

The shift from pattern-interval-based to time-point-based classification en-
joys three advantages.

First, it retrieves variable-length patterns in a single scan. Though it still
uses a sliding window of size h; 4+ ho + 1, the window size no longer fixes the
pattern length. Consequently, the data are only scanned once.

Second, it is context-aware. When classifying the starting time points of a
pattern, the lookbehind covers part of the historical data, illustrated in
by the arrow from the symbol (©) above the text * 7. Likewise, the looka-
head gradually probes into the future data beyond the pattern, as the win-
dow approaches the right end of the pattern. Thus, retrieving a pattern F =
S (a, b) considers an extended fragment S (a — hq,b + hg), including the context
S(a—hy,a)US (b,b+ hy). This helps when there is characteristic information
before or after the target event, as in the use case shown in

Third, training becomes more robust. A positive user label S (a,b) yields
b— a training instances [S (¢ — h1,7 4 ha + 1)], -, ., They view the pattern from
different temporal perspectives, reducing variance in retrieval accuracy. In addi-
tion, the user label above implies negative labels [S(i — hi,i 4+ h2 +1)], 5, N
[S(i — h1,i+ ha +1)],.,_, 5 nearby, preempting the provision of negative labels.

3.3 Density-Based Clustering: From Points to Intervals

V/lnput: indexes of positive time points
2 3 7 8 9101112131415 2021222224125

Time index

[ ]
Output: found pattern intervals

Fig.3: A Canonical Example of Time Point Clustering. The (indexes of
the) positive time points are converted to found pattern intervals, as the user
expects to see found patterns in whole pieces instead of individual time points.

The definition of time series pattern search in and the users expect
patterns in whole pieces, not positive time points B from Stage @). Therefore,
Stage @ converts B into found pattern intervals {(a,b) | S (a,b) € {F}}.

Simply merging consecutive positive time points is unreliable due to in-
evitable misclassifications. False positive time points (e.g., Points 2 and 3 in
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would lead to spurious found patterns, while false negatives (Points 12
and 23) would fragment target patterns. A robust merging approach should tol-
erate such misclassifications.

We address this problem with one-dimensional density-based clustering. Be-
cause target patterns result in dense blobs of positive time points along the
time axis, while gaps between target patterns contain sparse misclassified pos-
itive time points. This contrast in density makes density-based clustering suit-
able. Specifically, we use Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) (parameters in Appendix E.3) on the indices of positive time
points B. The clusters correspond to the found patterns. The confidence of
a found pattern F' = S (a,b) is the average confidence over its time points:

frei (F) = 7 Zb_l ¢; where ¢; from is the confidence of time point .

i=a

4 Evaluation

We evaluated the proposed nonmyopic search in terms of retrieval accuracy and
speed in a quantitative comparison with the traditional search.

Three labeled datasets of different characteristics are used. The Deep Valve
dataset provides two use cases with different target patterns. Please refer to
Appendix G for data plots, queries, ground truths, and the physical background
of each dataset; Appendix E for Hardware, software, and parameter settings; and
Appendix H for an introduction to the accuracy metric, Average Precision (AP).

Four models are included in the experiment: 1) Random Forest — top retrieval
accuracy in traditional search [10]; 2) XGBoost — best accuracy—speed trade-off
in our pilot study; 3) LSTM — widely used for time series analysis; and 4) 1D-CNN
— a common alternative to RNNs for time series [4]. Note that our goal is not to
find the best model, but to benchmark the two pipelines.

shows the results per use case. We omit LSTM because its much higher
execution time distorts the scale, hindering comparison between other more effi-
cient models. Full diagrams with LSTM are in Appendix I.2. In each diagram, the
abscissa represents wall-clock time, and the ordinate retrieval accuracy (AP30),
so better performance lies toward the top left. AP30 was chosen because it
spreads scores well between 0 and 1. Light points denote model performance in
nonmyopic search; dark linked ones that in traditional search. Since traditional
search depends on the number of sliding window kernels for a size-invariant
query, we report each model with multiple kernel counts, connected by lines.
Each accuracy value is the mean of five runs, with vertical error bars showing
standard deviation; each speed value is averaged over ten runs.

Nonmyopic search with the same model generally yields higher accuracy than
traditional search. In fact, many traditional search scores are impractically low,
indicating that traditional search fails with certain models in some use cases.

Nonmyopic search also enhances robustness: 1) Error bars around light points
are barely visible, while those around dark points are prominent, indicating
less consistency of traditional search outcomes across runs. 2) Light points for
different models in the same plot lie at a comparable height, whereas dark lines
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Fig.4: Nonmyopic vs. Traditional Search. The light points (nonmyopic
search) lie further up and left than the linked dark points (traditional search
with varying numbers of sliding window kernels) in all plots, indicating better
retrieval accuracy and speed. (RF: Random Forest, XGB: XGBoost)

are widely spread vertically, showing higher sensitivity of traditional search to
model choice.

In the Deep Valve Linear Phase use case, all models in traditional search
performed poorly because the target event (a primitive linear phase) lacks dis-
tinguishing features. Similar patterns appear in the background after normaliza-
tion. However, this event is in a multi-phase process in Appendix G.2).
Combined with the phases in proximity, the target becomes more distinctive.
Therefore, the context-aware nonmyopic search maintains retrieval accuracy for
all models in this use case as high as in the Deep Valve Whole Signal use case.

Not only is nonmyopic search more accurate and robust but also faster as
it scans the data only once. In the light points generally lie further
left than the dark lines. In Appendix 1.4, we decomposes the execution time
into training and inference times, and benchmarked nonmyopic and traditional
search, revealing more insights.

In summary, nonmyopic search improves retrieval accuracy and speed for
feedback-driven pattern search. Further analysis is available in Appendix I.

5 Discussion and Conclusion

We present NOOPS, a model-agnostic pipeline for feedback-driven pattern search
in multivariate time series, highlighting nonmyopic search. It combines time-
point-based classification with density-based clustering, enabling variable-length
pattern retrieval, context awareness, and more robust performance.

The following caveats and research directions are noteworthy: 1) Discrim-
inate Overlapping Patterns. Users are warned that nonmyopic search would
merge overlapping patterns into a single one, akin to semantic segmentation



8 Yuncong Yu et al.

in computer vision. 2) Diversify Feedback Candidates. We sample highly confi-
dent candidate patterns for feedback, which may lead to confirmation bias by
converging on a narrow range of subclasses. Sampling strategy in active learning
is a hot topic. It could potentially help to recommend moderately confident can-
didates that differ much from highly confident ones. 3) Add Channels in-between.
The initial search may miss patterns without features that can be described by
the rule-based similarity measure well. Therefore, it may help to focus on vi-
sually characteristic channels in the initial search and then add other relevant
(according to domain knowledge) channels before the feedback-driven search.
Our tool is in production, helping automotive engineers trace events in diverse
measurements. Next, we will primarily focus on improving the Visual Query
System (VQS) design to better guide users through the analytical workflow.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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A List of Symbols

We use uppercase letters to denote vectors, matrices, or sets, and lowercase
letters to denote scalars or functions. This rule applies to both Latin and Greek
symbols. The only exception is s; that denotes the value(s) at i-th time point
in the time series S. If the time series S is multivariate and has d channels, s;
is a vector, namely, s; € R%. However, we cannot use the uppercase version S;
because it would collide with S; which denotes the j-th channel in the time series
S. Unlisted symbols may vary in meaning according to the context. Nonetheless,
unlisted symbols are rare cases. Note that the listed symbols also include the
ones used in the appendices, especially [App. C] [App. D| and [App. El

Table S1: Latin Symbols

Symbol

Meaning

Afiltered
Anms
Araw

B

Cinterim
Cmerged

CT(IU)

{F}
FN
FP

{G}

Ny

Starting time point indexes of potential found patterns after
filtering A,,ms with a confidence threshold .

Starting time point indexes of potential found patterns after
non-maximum suppression in A,.,.

Local maximum points in merged confidence profile Ci,crged,
which are starting time point indexes of potential found patterns.
Indexes of the time points classified as in a target pattern, also
called positive time points in this work.

Confidence of patterns starting at every time point with every
resampled version of the query @ after averaging C.,,, over chan-
nels during the rule-based initial search.

Confidence of patterns starting at every time point after select-
ing the best resampled version of the query ) with the highest
confidence in Cjpterim during the rule-based initial search.
Confidence of patterns starting at every time point in every chan-
nel with every resampled version of the query @ directly after
similarity profile calculation during the rule-based initial search.
Confidence of every time point in a time series, whether it is
located in a target pattern.

A found pattern.

All found patterns in a time series.

The number of false negatives.

The number of false positives.

A ground truth.

All ground truths in the time series. Please note that a time se-
ries may have target patterns {T'}, regardless of whether ground
truths {G} are provided or not.

The set of non-negative integers.
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Table S1: Latin Symbols — Continued

Symbol Meaning

Nso The set of positive integers.

P A pattern.

R The set of real numbers.

S A time series.

S The j-th channel in the time series S.

S(a,b) Subsequence in S that starts with time point index a inclusive
and ends with time point index b exclusive.

T A target pattern.

{T} All target patterns in a time series.

TP The number of true positives.

Q Query to search for.

Q; The j-th channel in the query Q.

Qjk The j-th channel in the k-th resampled version of Q.

w Lengths of every resampled versions of Q.

1% Lengths of the resampled version of ) chosen for every time
point.

Y An array of the same length as the time series containing boolean
values of whether each time point in the time series is in a found
pattern (1 if time point in a target pattern, else 0).

Z An array of the same length as the time series containing boolean
values of whether each time point in the time series is in a ground
truth (1 if time point in a ground truth, else 0).

a Index of the starting time point of a subsequence.

b Index of the end time point of a subsequence.

C Confidence of the pattern starting at the time point index 1.

Cijk Confidence of the univariate pattern starting at time point index
7 in j-the channel, calculated with j-th channel in k-th resampled
version of the query Q.

Cik Confidence of the pattern starting at time point index i, calcu-
lated with k-th resampled version of the query @ after averaging
over j for c;ji.

C; Confidence that the time point with index 7 is located in a target
pattern.

d Dimension (number of channels) of the time series.

Jrel A function that takes a subsequence S (a, ) of S as the input and
returns the relevance/confidence that S (g, b) is a target pattern.

]?,,el A function that takes a subsequence S (i —hi,i+ ho+1)

around the time point s; and returns the confidence that the
time point s; is in a target pattern.
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Table S1: Latin Symbols — Continued

Symbol Meaning

fsim Similarity measure that takes two time series patterns as input
and returns their similarity normalized to [0, 1].

h Lookaround. To classify a time point s;, its proximity
S(i—h, i+ h+1)is used as input data.

hy Lookbehind, number of historical time points to consider when
classifying whether a time point as in a target pattern or not. In
practice, we set hy = h.

ho Lookahead, number of future time points to consider when clas-
sifying whether a time point as in a target pattern or not. In
practice, we set hy = h.

h Length of the neighborhood around a positively labeled pattern
S (a,b), within which the time points are considered negative,
i.e., all time points in S (a — ?L, a) ns (b7 b+ ?L) are considered
negative.

i Index for time points.

J Index for channels.

k Index for resampled versions of Q.

m Number of resampled versions of (), we set m = 8.

n Length (number of time points) of the time series.

Si The time point at index 7 in time series .S.

w Window length (number of time points in the window).

Wi Length of the k-th resampled version of ().

w; Length of the chosen resampled version of () for time point with
index 1.

Yi Whether the time point with index 7 is in a found pattern. If
yes, y; = 1, otherwise y; = 0.

Z Whether the time point with index ¢ is in a ground truth. If yes,
z; = 1, otherwise z; = 0.

Table S2: Greek Symbols

Symbol Meaning

§ Radius used in non-maximum suppression in the rule-based ini-
tial search.

T Confidence threshold, which the confidence of a found pattern
should reach.

v

Intersection over Union (IoU) threshold for the metric AP.
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Table S2: Greek Symbols — continued

Symbol Meaning
v* IoU threshold for the BR-Agent.
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B Recent Visual Query Systems

Our proposed algorithm and the user interface constitute a VQS. According to
Lee et al [8], the term VQS is defined by Ryall et al [14] as “systems that allow
users to specify and search for desired line chart patterns via visual interfaces”.
Literature categorizes VQSs primarily according to the approach to specify-
ing the query. There are two prevailing approaches, viz., query-by-example and
query-by-sketch. The former defines the query by providing an example, e.g., by
marking an interval on a line chart 9] [19, 18], while the latter by sketching a
prototype, e.g., on a canvas |10} 8, 2]. Other query definition approaches include
formulas, regular expressions [16], and natural language |16} 6]. com-
pares between recent VQSs including NOOPS. We settled on query-by-example
because it is overly demanding to ask our users to draw or describe in other
ways complex temporal dynamics, let alone in multiple channels. Conversely,
our engineers can usually provide at least one example of the target event. On
the debit side, query-by-example can be brittle [6]. The user interface is not our
focus. It mainly serves to assist the user in applying the proposed algorithm,
e.g., for acquiring multi-feature user feedback.



15

NOOPS: Feedback-Driven Time Series Pattern Search

o8end S9.I1008 saanjes) ogendue| [9]
-re] [emnjeu Aq Amnf) ON SOX SOX SO SSOUISO[D 9INJed) JO WNG OAYNIUT PAUYOPaI] emieN  120% omp)
dIAIN / uoryejuowsog sl
yojeNs-Aq-AN ON ON ON ON / ML/ ad OUON oINS 0g0C +-+oTesiauay
(10 / pue
/ yeouoo) siojerado xo3a1
pojeotpap + (e0180p  / o8enSuef
uory uoryejusserdar o) uo  / qeyy / umop / dn) [enjeu 1)
-duosep odeys onjuewag ON  ON ON  ON pouygep we)sAs Fur100g puaxy + uonisod / UO1NS  0g0g YoIeagedeyg
oress uroyyed
USALIP-}OR( P ‘uory IopoousOINe l6]
-ejuosordor solrds ouIly ON  ON S9X  ON 15910, WopuRY [eUOIIN[OATO)) oidurexy  0z0¢ XVviad
o3uel onfeA pue
‘OAT)RALIOD IOPIO
puG ‘PUSI} ‘onyea
uory 10J uoryejussardar le1]
-duosop odeys orjuewog ON  S9X  ON  ON xo301 OI[OqUIAG X089y 6103 SSIS
Iolrs odeys pue I011o lo1]
yojays-Aq-A1enf) ON S8x ON ON UOI1}109SIp [edo] um() (umop / dn) puoif, o1eyS  8T10% 0190)
11l
peedg ON ON ON ON ad oUON V/N 9102 ¢SSYIN
[t 1l
[eroudl USIOp SHA ON  ON  ON  ¢ON adq QUON oidwrexy 700G ,1OUoIROGOWIL],
suor} JIayisse[) Surxepuy uon UYL
-nquyuoy) |/  snoog VD (dA +Id AN / @anseaJAl Ajire[iuulg / uoljejuasaaday] Aiondy reax SOA

SSOA 1100y €S OIqRL,



Yuncong Yu et al.

16

(780105

wopuel :sjuewLdxe ul (s110m

[OIBdS UOALID-YOR(PAd] SOX SOX SOX SOX  [0POW 1s9q) pojIwul[u[) QUON oidurexy . ¥20z S1UY3) SAOON

peads ‘suor)ro)sip 81]

umwyjed  (ejerrearyny) ON SOX ON SOx X089y XVS oidurexyy €707 X3 XVS
oaess urvljyed USALID
-orqpas) ‘TeAdLIlox

SOLIOS oW} [RUOISUSWIP 61)

U3 103 peeds ON  ON  SeX  SeX MIA / ad HST oidwrexy  £g0g oandsd

suorn} JayIsse[) Suixepuy] uonuysa
-nquyuoy) |/  snoog VD (dA +Id AN / @anseaJAl Ajire[iuulg / uoljejuasaaday] Aiondy reax SOA

ponuIuo) — SSHA 0N (€S OIqRL



17

NOOPS: Feedback-Driven Time Series Pattern Search

"pagewunyse st reak uoryesriqnd oy, jek paystqnd usaq jou ser) SdO0N
"o[qe]} 9} UT PAIST[ SI 91 ‘OI0JoIoY ], "WYILIOS[e JIewouaq juelrodur

e ST 91 ‘ToAomOl] “A[juedar pesodord jou Os[e ST 9] 9ORJIOIUI [RNSIA © OARY JOU SOOD I 9sneddq SHA © 0U ST GSVIN 4
‘Jeuueyd yore ul payySIYSIy Ajjuspusdspur os[e are surejjed punoy ‘Ajjuspusdepurt

[oUURYD [DES UL PIIONPUOD ST YOILdS WI9YIR "S[OUURYD IS 0} dN SOLIOS O} 9JRLIBAIJ[IIUL SOZI[RNSIA 9DBJIOIUL IOSTL O, o
*o[q[e) ST} Ul POUOIJUSW ST 91 ‘SN, "YoIros wIdjjed soLIos owil) 09

POYRIIPOP SUOIORIOIUL PUR SUOTIRZI[RNSIA UO USISOP S A JO 100u0Td 9} ST 31 ‘I0AOMOJ] “JU0D01 JOU A[STOIAGO ST IOYDIROGOWILT, ,
‘TeAdLI)oI

Suump sureyjed jo Ayrurrxord [erodure) oy} UOIPRISPISUOD OJUI JUINR) SMO[[R JRl} SSoULIeME-)X0ju0d Sunroddns 1y 4

‘suorjeInp o[qerrea jo sursjjed Surastner Junroddns (A

“(DIedS UGATIP-3DeqPad) Surproddns ;g |,

‘[eASLIJOI SOLIOS OWIT} dYRLIRATINTE Surpioddns : AN
‘parrsjaxd st
uorsIoA [ewanol o) ‘Tewinol e jo onsst [e1oads © Ul PoXopul U} PUR d0UIoJu0od ® Ul paysiqnd js1y sem 1oded o1y JT "o[qe)

ST} UT POPIOdaT ST uorjedtqnd 981y o1y ATUo ‘SHA 13 JO SUOIsIaA JULISHIP jussard yeryy suoryeorjqnd ofdrynur ore o101y J ,
*I9pIo Jurpuadse Ut

Areonoqeyde pojIos ore reok oures ayy ul poysiqnd sgHA “Tesk uoreorqnd 3sIy oY} JO 1OPI0 SUIPUSISE UL POLIOS SSOA
s9j0u)00q 9[qe],



18 Yuncong Yu et al.

C Initial Search: Proposing Label Candidates

Query gi;ne series Differently sized sliding windows
TN NN
- C2  ~ ___/Ki1

. KionCIN_____/\
@Calculate similarities on C2\

|

@ Merge channels /\ — . /\km
|

@ Merge kernels AR N\ e~— L M~
|

@ Locate local maxima I\ ~— N—

|
@ Non-max suppressionT | 1 1

| ,
(®)Filter with threshold T
@ Retrieve intervals anV =

Fig.S1: Rule-Based Initial Search. It scans the data to locate prospective
temporal positions of relevant patterns. At each position, it tries out different
pattern sizes.

NOOPS’s pipeline needs to begin with a rule-based initial search (Stage @ in
because the user often can only provide one target pattern example at the
beginning. That said, if multiple target pattern examples are available, the user
can go ahead with the nonmyopic search (Stage @ and Stage @). Conversely, if
the results from the rule-based initial search (Stage @) have already satisfied the
user’s expectation, the user may skip the feedback (Stage @) and the feedback-
driven search (Stage @ and Stage @).

Our work aims to contribute to the feedback-driven pattern search. Stage @
is rule-based and does not contain academic contributions. Nonetheless, we ex-
plain it in detail for two reasons. First, this technique is not self-explanatory,
and nowhere else have we found a complete and detailed description of how it
works. Second, the rule-based initial search pipeline is similar to the traditional
model-based feedback-driven pattern search pipeline after model training, which
is our baseline to benchmark the proposed nonmyopic search.

It is worth noting that f..; works differently in rule-based and model-based
pattern search. In the former, it is common to begin with one target pattern
example, i.e., the query @Q. f,¢ is a partial function of a similarity measure fg;,
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that takes two patterns as input and returns their similarity normalized to [0, 1],
where one of the patterns is Q, i.e., fre; (P) = fsim (P, Q). The user usually does
not know the optimal 7 (equivalently, the desired number of top hits / nearest
neighbors) a priori and needs to adjust 7 after inspecting the search results.
In contrast, model-based pattern search is driven by multiple target pattern
examples (ground truths or labels from user feedback), and f,.; takes the form
of a model, Manual optimization of 7 is unnecessary.

illustrates the pipeline of the rule-based initial search. Given a d-
dimensional time series S of length n and a query @ of length w, it under-
goes seven steps to arrive at the found pattern intervals and their confidence
{((a7b)7frel (S (a’vb))) | S(a’7b) € {F}}

Step (1) calculates the similarity between @ and every pattern [S(i, i +
w)]o<i<n—w in S. We adopt MASS to carry out the task. It computes the sim-
ilarity profile highly efficiently, the primary concern for the initial search. Like
many other methods, MASS does not support multivariate time series off-the-
shelf. So, we apply it to each channel and merge the results over all channels
in Step (2). In practice, we use m resampled (temporally scaled) versions of Q
of lengths W = [wg]y<),, to find patterns of variable sizes. Please refer to
[App. E-3) Appendix E.3. for details of the parameter settings, e.g., for m and W.
MASS calculates distance rather than similarity. We inverse the distance and
normalize it to range [0, 1] to get raw confidence for each time point ¢ in each
channel j with each resampled version k of the query

fsim (Sj (4, i+ wk),Qjk) H0<i<n—wg
C = iik — - . S3
raw |:c ik {0, otherwise 0<i<n (S3)
0<j<d
0<k<m

where S} is the j-th channel in S, and @, is the j-th channel in k-th resampled
version of (). Note that C,.q,, is padded with Os, so that Vi € (n — wg, n), ¢k = 0.
The padding ensures that all m resampled versions of ) have the same size n
along the time axis indexed by i, simplifying subsequent calculations.

Step (2) merges C.q, by averaging over channels to get the interim confidence
for each time point ¢ with each resampled version of )

d—1
1
Cinterim = |Cik = p Zcijk (S4)
7=0 0<i<n
0<k<m
Step @ merges Cinterim Dy choosing the highest confidence over k resampled
version of @) for each time point i to get the merged confidence

(S5)

Omerged = |:Ci = Og}cixm(cik)] o<icn
During Step (3), we retain the length of the chosen resampled version of @Q for

each time point index ¢

(S6)

W= w; = Wargmax(ciy)
0<k<m 0<i<n
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in order to retrieve the found pattern lengths later in Step (7).
Step (@) retrieves all strict local maximum points in Cyerged t0 get potential
start positions of the found patterns

Araw = {Z | Ci—1 < Cj, Cj > C,’+1} (87)

To avoid discovering the same pattern as several separate overlapping ones,
Step (5) conducts non-maximum suppression

Anms = {'L € Araw | C; = max ct} (SS)

i—6<t<ito

where § is the radius within which the highest local maximum suppresses the
lower local maxima in proximity.
Step (6) filters A,,;,,s with the confidence threshold 7

Afiltered = {7/ S Anms | & 2 T} (89)

The user usually cannot set an optimal 7 a priori, but needs to adjust it after
inspecting the results. Then, Step (6) and Step (7) are repeated.
Finally, Step (7) retrieves the found pattern intervals and their confidence

{((Z7 i+ 11}1) 7Ci) | (&S Afiltered} (810)
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D Multi-Feature Feedback: Procuring Training Labels

In practice, model-based pattern search is impeded by the label scarcity. Re-
searchers proposed relevance feedback / active learning |12], whereby users are
invited to label the found patterns, possibly in multiple iterations. Since its in-
troduction in time series analysis [7], this technique has also gained attention in
time series pattern search |9} [15] [19]. However, the state-of-the-art methods in-
corporating relevance feedback allow the user to accept, reject, or eschew a found
pattern, from which a positive, a negative, or no label for model (re)training is
extracted. None of the options is satisfactory when a found pattern overlaps a

target one partially, as illustrated in

Target pattern j\‘ .~ |€<— Found pattern
Time series data J :m\/f

Fig.S2: Problem with Traditional Relevance Feedback. User feedback is
confined to acceptance, rejection, or abstention. all of which are controversial
given a partially correct found pattern.

We propose to solicit feedback on the pattern positions and sizes besides
correctness/relevance. We name this approach multi-feature feedback and
will show that we cannot afford to omit this minor additional labeling, as it
substantially raises retrieval accuracy even further.

Technically, multi-feature feedback happens in Stage @) in closing the
proposed pipeline. It supplies labels for model training while infusing the user’s
domain knowledge into the pipeline.

Conventional active learning only collects feedback on the correctness of the
found patterns. For each sampled pattern, the user can accept, reject, or skip
it. Accepted found patterns become positive labels, and rejected ones negative
labels. Skipped ones are ignored. This poses the dilemma in [Fig. S2} if accepted,
the pattern imperfection may mislead the model; if rejected, its partial correct-
ness may confuse the model; if skipped, the partial correctness is not exploited.

In nonmyopic setting, label imperfection propagates to multiple incorrectly
labeled training instances. Recall that an accepted found pattern F = S (a,b)
yields (b —a) positive training instances [S (i — hy,4 + ho +1)],;,- Suppose
the user actually wants T' = S (¢,d) with a < ¢ < b < d that overlaps F, i.e.,
F starts and ends too early. The feedback would correctly label time points in
S (c,b) (instances [S (i — h1,i + ho + 1)] .., ;) as positive, incorrectly labels all
time points in S (a,c) (instances [S (i — h1,7 + ha 4+ 1)],.,..) as positive.

We address this problem by introducing multi-feature feedback on the po-
sition and size of found patterns in addition to their relevance. In the previous
example, when the system proposes F', the user should have noticed T'. Other-
wise, the user would not have accepted F'. The user can then adjust F' so that
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Qnew ‘= €, bpew = d, i.e., Fhew := T. This resolves the issues from imprecise
binary relevance feedback and “salvages” found patterns that slightly overlap a
target pattern and would otherwise be rejected.
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E Implementation Details

E.1 Hardware and Operating System

We conducted all experiments locally on the same laptop HP EliteBook 850 G5
with

— Processor: Intel®) Core™ i7-8650U CPU @ 1.90GHz 2.11GHz

— Installed RAM: 16.0 GB (15.8 GB usable)

— Operating System: 64-Bit Windows 10 Enterprise, Version 22H2
Storage: 1'TB SAMSUNG MZVLB1TOHBLR-000H1

We disabled all parallel computing and GPU acceleration, especially for neu-
ral networks and XGBoost.

E.2 Essential Libraries

Please refer to[Tab. 541

E.3 Parameter Settings

— Rule-based initial search
e Number of kernels m: m = 8. The lengths of these kernels W = [wy]) <1<,
scale logarithmically between a lower bound wy and an upper bound
wm—1 (see the next point). The kernel sizes are

_k
o e )
wo
0<k<m

where the operator |.| denotes the floor function

e Lower and upper bound of the lengths of the resampled query wy and
Wm—_1: they are determined according to how much the durations of the
target patterns in the time series scale. For instance, wy = 0.5 means
that the lengths of the found patterns are half as long as the query; and
wWn,—1 means that the lengths of the found patterns are at most twice as
long as the query. Specifically for each use case,

* Deep Valve Whole Signal: wg = 0.5, wy = 3.0;

* Deep Valve Linear Phase: wg = 0.5, wry = 3.0;

* Variable Displacement: wy = 0.5, w; = 2.0; and

x EEG Eye State: wg = 0.5, wy = 12.0 (the durations of the target
patterns vary substantially in this use case).

e Non-maximum suppression radius ¢: the same as the query length w.

— Time-point-based classification _

e The concrete implementation of f,.; differs for each model. For instance,
some models, like CNN and LSTM, support multivariate time series out of
the box and can take S (i — hy,% + ha + 1) as their input directly. Other
models, like Random Forest and XGBoost, require flattening S (¢ — hy,7 + hg + 1)
beforehind.
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Library Usage Link
Libraries for Algorithm
MASS Calculating similarity profiles in the rule- https://github.com/
based initial search matrix-profile-foundation/
mass-ts

scikit-learn =~ Machine learning model random forest https://
and clustering algorithm DBSCAN in the|scikit-learn.org/
feedback-driven search, PCA and t-SNE in stable/
the found pattern candidate distribution
scatter plot for finding false negatives in the

Ul
TensorFlow / Machine learning models LSTM and CNN in https://www.
Keras the feedback-driven search tensorflow.org/
UMAP Dimensionality reduction technique UMAP in https://umap-learn.

the found pattern candidate distribution scat- readthedocs.io/en/
ter plot for finding false negatives in the Ul latest/

XGBoost Machine learning model XGBoost in the https://xgboost.
feedback-driven search readthedocs.io/en/
stable/
Libraries for Web Development
BokehJS General charts https://docs.bokeh.
org/en/latest/docs/
dev_guide/bokehjs.
html
D3 Customize forces for the library React Force https://d3js.org/
Graph
Django Backend API https://uww.
djangoproject.com/
MUI UI design https://mui.com/
React Frontend library https://react.dev/
React  Force Force-directed graph for identifying the false https://github.
Graph positives in the Analysis View com/vasturiano/

react-force-graph

Table S4: Essential Libraries Sorted in Alphabetical Order in Each Category


https://github.com/matrix-profile-foundation/mass-ts
https://github.com/matrix-profile-foundation/mass-ts
https://github.com/matrix-profile-foundation/mass-ts
https://scikit-learn.org/stable/
https://scikit-learn.org/stable/
https://scikit-learn.org/stable/
https://www.tensorflow.org/
https://www.tensorflow.org/
https://umap-learn.readthedocs.io/en/latest/
https://umap-learn.readthedocs.io/en/latest/
https://umap-learn.readthedocs.io/en/latest/
https://xgboost.readthedocs.io/en/stable/
https://xgboost.readthedocs.io/en/stable/
https://xgboost.readthedocs.io/en/stable/
https://docs.bokeh.org/en/latest/docs/dev_guide/bokehjs.html
https://docs.bokeh.org/en/latest/docs/dev_guide/bokehjs.html
https://docs.bokeh.org/en/latest/docs/dev_guide/bokehjs.html
https://docs.bokeh.org/en/latest/docs/dev_guide/bokehjs.html
https://d3js.org/
https://www.djangoproject.com/
https://www.djangoproject.com/
https://mui.com/
https://react.dev/
https://github.com/vasturiano/react-force-graph
https://github.com/vasturiano/react-force-graph
https://github.com/vasturiano/react-force-graph
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lookaround h: average length of all positive labels.
lookbehind hi: h; = h.

lookahead hs: ho = h. o
negative context around a positive label h: h = h.
Models

* Random forest: default parameters from
sklearn.ensemble.RandomForestClassifier.

* XGBoost: tree_method = "hist", otherwise default parameters from
xgboost.XGBClassifier.

*« LSTM: first layer tf.keras.layers.LSTM with 20 units, return se-
quence; second layer tf.keras.layers.LSTM with 20 units; third
layer tf .keras.layers.Dense with one unit and activation tf.keras.activations.sigmoid;
other parameters use defaults.

* CNN: first two layers tf .keras.layers.Conv1D with 20 filters of size
5 and “same” padding, activation tf.keras.activations.selu, ker-
nel initializer tf.keras.initializers.LecunNormal, followed by a
flatten layer tf .keras.layers.Flatten and a dense layer tf .keras.layers.Dense
with one unit and activation tf .keras.activations.sigmoid; other
parameters use defaults.

e Early stopping: 10 epochs, except for random forest, which does not
support early stopping.

— Density-based clustering (parameters of DBSCAN)

e ¢ps: As the scikit-learn documentation explains, it is “the maximum
distance between two samples for one to be considered as in the neigh-
borhood of the other.” This is a standard DBSCAN parameter. Con-
ceptually, the higher the value, the more likely for the algorithm to
retrieve long found patterns. We estimate that this parameter should
be comparable and smaller to the average length of the positive labels
in feedback-driven search. Empirically, we set it % - h. On a side note,
density-based clustering distinguishes itself from partition-based and hi-
erarchical clustering by not necessitating the provision of the often miss-
ing prior knowledge of the number of clusters or the number of levels.
Nevertheless, this property is not necessarily an advantage of density-
based clustering due to other parameters to set, which indirectly relate
to the number of clusters / found patterns, like eps and the subsequent
min__samples.

e min_samples: As the scikit-learn documentation explains, it is “the
number of samples (or total weight) in a neighborhood for a point to be
considered as a core point. This includes the point itself.” This is also a
DBSCAN standard parameter. Conceptually, the higher the value, the
denser the positive time points in a found patterns need to be. The-
oretically, this parameter is conditioned by the similarity between the
target patterns in the time series data. Empirically, we set it |2 x eps x
min__proportion], and min__propotion = 0.1.

e Other parameters use defaults from sklearn.cluster.DBSCAN.
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F User Interface

We designed a user interface to support query definition, result inspection &
analysis, and feedback provision. While indispensable for interactive, feedback-
driven search, the Ul itself is not our focus in this work. Consequently, we keep
the UI design and its evaluation (a case study and an expert study with two
experts) in appendices.

This appendix shows an annotated single screenshot, which is vertically
split into multiple figures to fit the page size of this paper. It shows the fi-
nal status with three measurement data files from the Variable Displacement
use case shown in It undergoes one feedback loop and achieves a
nearly perfect result in the three given measurement data files. This appendix
serves to introduce the features of the user interface. Please check the video
https://youtu.be/7-MPiC7asBg for a 20-minute introduction to the Ul. Please
refer to[App. K| for a cohesive workflow and step-by-step screenshots of the same
use case.

We try to concentrate the annotations in as few figures as possible. However,
due to space limit for annotations, we may have to place the annotations in
multiple figures and in results for different measurement files. On the other
hand, because the visualizations in different files are similar in terms of their
functions, we may for example explain the functions of visualizations for result
inspection in the first file in the figure caption and skip the explanation in the
figure caption for the same visualization for result inspection in the second file.


https://youtu.be/7-MPiC7asBg
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IAV Pattern Search

ive_learning\data\hmb\hmb_processed_dev_anonymized @ SEARCH FILES
active_learning\data\hmb\hmb. ev_a ed\metadata json = READ TRACKS

active_learing\data\hmb\hmb_processed_dev._a

rotation speed

. ~ PLOT DATA
>Click to scroll to the step / file
© Feedback search 2 Query Definition
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o 0,25896755 026137725

2.2 Algorithm Parameters

Relative width

05 \ 26 Found patterns lengths < query length x 2
O STARTINTIAL SeaRen Found patterns lengths 2 query length x 0.5

Fig.S3: Sidebar, Inputs, and Query Definition. NOOPS is designed with a
streamlined workflow shown in the left sidebar. The main area shows all in-
formation on the same (potentially very long) page to provide a streamlined
experience. The content in the main area is organized in sections and subsec-
tions like an essay for easy reference. Let us call a section (e.g. “1 Input Data”)
a step and a subsection (e.g. “2.1 Mark an Example”) a sub-step. Step 1 Input
Data contains input fields for the measurement data, metadata (mainly a list of
channel names in the data), the measurement data file in which to define the
query, the relevant channels, and the data path in HDF (only for HDF files).
Step 2 Query Definition plots the channels in the selected data file in Step 1,
where the query is defined by drawing a box in any channel. A box with the
same time interval will appear in other channels. The user can adjust the po-
sition and size of the box denoting the query after marking it in any channel.
The adjustment will be broadcast in other channels. The algorithm parameters
for the rule-based initial search are also configured in this step. There are only
a pair of parameters, namely, the lower and upper bounds for the duration scal-
ing factor compared with the query. A short explanation of the bounds can be
found in[App. E.3] A canonical example: if the lower bound is 0.5 and the upper
bound is 2.0, the found patterns are at least half and at most twice as long as
the query. There is a small inconsistency. The Overview is called Data Overview
in subsequently the feedback-driven search. Please forgive us for this mistake.
We will only use the term Overview in this work.
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3 Initial Search

Seting confidence "¢ ™20 ) ” o
threshold below the Potential false positive, highlight it here

top cluster is often  3.1.1 Analysis View and inspect it in Found Patterns View

a good idea

072 Confidenc Candidates TopK Pattems (Force directed Graph)
1

Lasso select

Confidence threshold | o\

Drag a node /
found pattern,
the layout adapts.
Sense the layout

Number of + eiaye C robustness

found pattgrns v : echnique

t-SNE
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L EVER G TR

confidence Adjust current view's position and size

threshold 3.1.2 Overview

/ number of 3

found patterns

ation speed

Add labels spontaneously

Fig. S4: Initial Search - File 1 - Analysis View and Overview. Step 3 shows
the results of the rule-based initial search. The result of each data file is shown
separately and collapsed by default. For each file, there are four views, showing
the result from different perspectives. This figure shows two views. Namely, the
Analysis View and the Overview. The Analysis View is collapsed by default
because some engineers would like to jump directly to the found patterns and
would refrain from much analysis. This view supports tuning the confidence
threshold / number of found patterns and discovering false negatives / positives.
The Owverview plots the whole measurement data and all events for exploration.
It is also the place to add labels spontaneously. It is recommended to add one
or two long negative labels to help the model recognize the background, rather
than picking random negative labels that are not necessarily representative. This
is only possible with and thanks to time-point-based classification in nonmyopic
search.
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3.1.3 Found Patterns View

nfidence

Use pattern value
range for more
details (default)

Use query value
range for
comparison with
query

Is
_

Disregard pattern for next
feedback-driven search
(default)

Use whole data Set value range for
value range 3.1.4 User Labels View all found patterns

0541 0502 0543 0544 0545

The chart of a label originated from a found pattern also shows the
originating found pattern (see Feedback Search — File 2: hmb_6s0.npy
» 4.2.1.4 User Labels View for more illustrative examples)

The chart of a spontaneously added label does not have the blue box
representing the originating found pattern

rotation speed

Fig.S5: Initial Search - File 1 - Found Patterns View and User Labels
View. The Found Patterns View lists the found patterns in descending order
of their confidence for inspection and comparison. The User Labels View lists
the positive and negative labels from the user. They will be used to train the
classification model when the user starts a new feedback-driven search.



30 Yuncong Yu et al.

File 2: hmb_6s0.npy

3.2.1 Analysis View
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Fig. S6: Initial Search - File 2 - Analysis View and Owverview.
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Fig. S7: Initial Search - File 2 - Found Patterns View and User Labels
View.
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Confidence distribution histogram for tuning
confidence threshold / number of found patterns
Pattern candidates dimensionality reduction scatter plot
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Fig.S8: Initial Search - File 3 - Analysis View and Owverview.
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Fig.S9: Initial Search - File 3 - Found Patterns View and User Labels

View.
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4 Feedback Search
4.1 Feedback Round 1

File 1: hmb_2s0.npy

4.1.1.1 Analysis View

on Confidence Distribution epwise Confidence b Riep1 O TopK Pattens (Force directed Graph)
Usually unnecessary 1
to tune confidence J
threshold after ——e
feedback-driven

search, but it is still
allowed

Fig.S10: Feedback-Driven Search - File 1 - Analysis View and
Overview. The views in feedback-driven search are similar to those in rule-
based initial search. In feedback-driven search, it is usually unnecessary to filter
the candidates with a confidence threshold or the desired number of found pat-
terns because the machine learning model makes such decision on its own. That
said, the found patterns still have confidence and can be filtered. The confidence
of a found pattern is simply the average confidence over all time points in the
found pattern. Therefore, filtering is still possible and sometimes sensible. In
this case/screenshot, we removed two found patterns of relatively low confidence
and kept four. In such cases, the model learns to separate the relevant patterns
from the irrelevant ones well. However, the position of the boundary between
the two is unclear. Because there are not many candidates in feedback-driven
search, the candidate dimensionality reduction scatter plot in the Analysis View
is removed. Because dimensionality reduction does not work well with just a
few found patterns. Even if we create it anyway, the plot will not help to find
false negatives since there are few candidates (detected patterns with confidence
lower than the confidence threshold). In place of the scatter plot, we introduced
a heatmap that helps to diagnose the erroneous stage (classification or cluster-

ing). [Fig. S12[shows an example of how to use this visualization.
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4.1.1.3 Found Patterns View

rotation speed

4.1.1.4 User Labels View

(No positive labels)

(No negative labels)

Fig.S11: Feedback-Driven Search - File 1 - Found Patterns View and
User Labels View. They are the same as in the rule-based initial search.
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File 2: hmb_6s0.npy

4.1.2.1 Analysis View

005 Co n o B (K > Top-K Patterns (Force-directed Graph)

ted regions in confidences
Sitives inditate a
classification problem;
remedy: use as a positive labe);
not critical in this example because
already alleviated by clustering.

4.1.2.2 Data Overview

Fig.S12: Feedback-Driven Search - File 2 - Analysis View and
Overview. If the confidence of the time points is incorrect to a large extent,
the classification model is responsible. If the confidence of the time points is rea-
sonable, but the found patterns are incorrect, especially too short or too long,
it is likely that the parameters for clustering is inappropriate. Notwithstanding,
the clustering parameters are relatively robust. We have set them once with the
values detailed in and have kept them throughout all experiments.
Therefore, we have not provided input fields for adjusting the parameters for
clustering. Otherwise, domain users may feel too overwhelmed as the analy-
sis requires much knowledge of the internal mechanism of the data processing
pipeline. In the heatmap and the confidence overlay in the Overview, the “dom-
inant” regions with high confidence in the found patterns imply the distinctive
features leading to the detection of the patterns, while the “recessive” regions
with low confidence may indicate regions with high variance among the target
patterns.



NOOPS: Feedback-Driven Time Series Pattern Search 37

4.1.2.3 Found Patterns View

leration

fider

(No negative labels)

Fig.S13: Feedback-Driven Search - File 2 - Found Patterns View and
User Labels View.
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File 3: hmb_7s0.npy
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Fig.S14: Feedback-Driven Search - File 3.



NOOPS: Feedback-Driven Time Series Pattern Search 39

G Datasets

In this appendix, we describe all datasets as well as the use cases used in the
evaluation. There are four datasets. The first three datasets are labeled and
used in the quantitative algorithmic evaluation presented in the main text of
the paper. The Deep Valve dataset has two use cases with distinctive target
events. the fourth dataset, namely the PHEV dataset, is unlabeled. It was freshly
provided by our calibration engineers and used in the expert study described in

[App. T}

For both nonmyopic and traditional search, we used the earliest (by starting
time) ground-truth patterns as positive labels. Negative labels differ by method
due to different mechanisms. For nonmyopic search, we provided only two or
three relatively long negative labels to show the background. On the other hand,
negative labels are optional for nonmyopic search, as explained in [App. 3.2] For
traditional search, negative labels are mandatory and it makes sense to choose
them to have similar lengths as positive labels. We therefore added at least
five and up to twenty randomly chosen negative labels, in accordance with the
number of positive labels. All labels can be found in this Appendix.

G.1 Metadata of All Datasets

Sampling Total

Dataset FilesChannels ][thiitt;laeLeor;i:; rate Volume ?tlil::g, L:;:]%:}l

p [Hz] [MB] .
Deep Valve
Whole Signal 1 1 100000 100 Hz 1.52 150
Deep = Valve 1 100000 100 Hz 1.52 65
Linear Phase
Variable —Dis- g 2 44595 anonymized 1.05 167
placement
EEG Eye State 1 14 14980 128 Hz 1.72 319
PHEV 3 3 131417 anonymized 5.01 97

Table S5: Metadata of All Datasets. Volumes are measured in HDF format.
The Deep Valve dataset has two use cases / queries, therefore, it takes two rows
in the table. The PHEV dataset contains many measurement files. However, we
used only three in the expert study. Therefore, the number of files for the dataset
is three in the table.
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G.2 Deep Valve Dataset

Query Deep Valve Whole Signal
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Fig.S15: Deep Valve Whole Signal Use Case. The Deep Valve dataset
records the electric current through a solenoid valve used in the cooling sys-
tem test bench. The pattern captures a complete valve operating cycle, which
consists of maximal five phases (sometimes, an operating cycle may skip some
phases), illustrated in In the first phase, the pattern starts with a peak
when the valve is turned on. At this time, the movable part in the valve is still
stationary, the electrical impedance is low, and thus there is a current pulse. In
the second phase, the electromagnetic force overcomes the mechanical force, and
the movable part starts to move. The current plummets and bounces to form a
“J”-like shape. In the penultimate linear phase, the movable part moves from one
end to another. The valve changes from completely closed to completely open
(or a shorter period within these two states, to be rigorous). In this dataset
collected from the test bench, the lengths of the linear phases are determined
by a random variable and set to be between 0.5 and 4.5 seconds. The length of
the linear phases is also influenced by the current state of the valve, i.e., how far
the valve is between the two end states (completed open and completed closed).
After reaching the stop, the current may deviate a bit from the linear phase and
entering the fourth phase. In the last phase, the current is set to drop back to
zero, and the valve closes. The duration of the operating cycle varies substan-
tially; the duration of the same phase in different operating cycles may also vary
greatly or even disappear. The patterns in the Deep Valve Whole Signal use
case include a complete operating cycle. The Deep Valve dataset is proprietary
and therefore cannot be published.
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Fig.S16: Deep Valve Linear Phase Use Case. The dataset is the same as
the Deep Valve Whole Signal use case. The patterns correspond to the linear
phase in the operating cycle of the solenoid valve, during which the movable
part physically moves from one end to another, and the valve state changes from
completely closed to completely open. This use case reflects the actual needs
of our engineers. For precise control and automatic error detection, they want
to find a way to detect the linear phases when the movable part in the valve
physically moves. There are no conventional domain-specific ways to know the
internal state / current working phase of the valve. Luckily, the electric current
is indicative. Recognition of this target phase by merely looking at the patterns
themselves or the interval characteristics of the patterns is difficult because the
linear phase per se does not contain rich features and is not distinctive enough.
Moreover, the linear phase may have an increasing or decreasing trend. However,
if the context is taken into account, namely the preceding and succeeding phases

in the whole signal, the detection becomes more feasible because there are more
distinctive features.

=3 gg End tart Loosen Move Stop End
'E‘ 0‘2 Off Splitch Valve about Solenoid valve physically moves, opening enlarges Stop Off
S 0'1 to move reached

3 0.0

© 15

13.0 _ 13. . . 15.0
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Fig.S17: Target Event in Deep Valve Linear Phase. The target is the
“Move” phase in a five-phase process. Though “Move” itself is inconspicuous,

its more distinguishable surrounding phases (“Start”, “Loosen”, “Stop”) can aid
retrieval.
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G.3 Variable Displacement Dataset
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Fig.S18: Variable Displacement Use Case. The Variable Displacement
dataset is derived from the rotational speed of a gasoline engine recorded by the
engine control unit. It captures the harshness during the engine’s operation in a
test automobile. The two channels are extracted features using domain-specific
signal processing techniques by our engineers. The first channel corresponds
roughly to the rotational speed, and the second to the acceleration. During dis-
placement variation, the rotational speed and acceleration vibrate with large
amplitudes, causing Noise Vibration Harshness (NVH) problems. Our engineers
try to address this problem. The query corresponds to the transition from full-
engine operation to half-engine operation. The data contain eight measurement
files. Although our app works for multiple files, we have concatenated the files
into one file for convenience during algorithmic evaluation. This dataset is pro-
prietary and therefore cannot be published. In fact, the dataset is even more
sensitive than the Deep Valve dataset, and we must normalize the data before
showing the plots. Hence, the time spans from 0 to 1, and the values in each
channel also range from 0 to 1.
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G.4 EEG Eye State Dataset
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Fig.S19: EEG Eye State Use Case. EEG stands for electroencephalogram and
measures electrical activity with sensors attached to the subject’s scalp. The
EEG Eye State dataset comes from one continuous EEG measurement with the
Emotiv EEG Neuroheadset. During the measurement, the participant’s eye state
(closed or open) was recorded via a camera. The eye state in each video frame
was labeled. The typical task for this dataset is to classify each time point (eye
closed or open at this time point). The original data have 14 channels plus a
channel for ground truths. The patterns correspond to the periods when the
subject’s eyes are closed. Visually, the patterns are not well distinguishable and
are extensively scaled along the time axis. This dataset is publicly available.
Please refer to https://archive.ics.uci.edu/ml/datasets/EEG+Eye+State
for more information.


https://archive.ics.uci.edu/ml/datasets/EEG+Eye+State
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G.5 PHEYV Dataset
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Fig.S20: PHEV Use Case. PHEV stands for Plug-in Hybrid Electric Vehicle. It
means a car with both an internal combustion engine powered by conventional
fuel and an electrical motor powered by a battery pack. The battery pack can
be charged not only by a generator driven by the engine but also by an external
electric power source. The data came from our calibration engineers, who strive
to find the best parameterization for the power chain. There are many channels in
the dataset, but according to the engineers, three of them are physically relevant
for the target patterns. The first channel is the position of the accelerator pedal,
where 0 full throttle and 1 means foot off the gas pedal. The second channel is
the current gear. The third channel is the rotational speed of the engine. The
target patterns represent an unexpected behavior of the engine that the engineers
want to reproduce and investigate. During a target event, the car starts nearly
exclusively electrically. Specifically, engine rotational speed is very low at the
beginning (0 in the third channel). Then, the driver depresses the gas pedal
fully (decrease in the first channel) and demands more power. In reaction, the
combustion engine starts (increase in the third channel), albeit with a delay. The
transmission shifts to a lower gear (decrease in the second channel) to prepare for
an acceleration, and the engine revolution rises undesirably high during start-up
(too high a rise in the third channel). During the second half of the pattern, the
gear and the engine speed resume. The data are unlabeled (except the query
marked by one of the engineers), so we cannot plot the ground truths along with
the data. Nor could we use this dataset in the algorithmic evaluation. There
are many measurement files in the dataset. The characteristics do not differ
significantly among them. Therefore, we have plotted only one file here. Because
this dataset was recently provided by our engineers, and they had expressed a
great interest in the data, we used it in the expert study. We have chosen the
first three files in the dataset for the expert study. This dataset is proprietary
and therefore cannot be published. Like the Variable Displacement dataset,
it is anonymized by normalizing the time and values to [0, 1].
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H Evaluation Metric
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Fig.S21: Time-Point-Based vs. Pattern-Interval-Based Metrics. There
are cases where the found patterns do not match the target patterns well, yet
the time points are all correctly classified. For instance, the algorithm fails to
recognize a target pattern as a whole piece in (b). The time-point-based metrics
will arrive at high scores despite this problem, while the pattern-interval-based
metric AP avoids such pitfalls.

Numerous algorithms for time series pattern search have been proposed. How-
ever, a standardized evaluation approach or metric to assess the quality of the
found patterns is missing. This is partially understandable because few labeled
public datasets exist for time series pattern search. One common evaluation
method is visually inspecting the found patterns |9, 3]. Another possibility is
to measure differences in results with a more accurate baseline method [4} [16],
which is suitable when the proposed algorithm is an accelerated version of the
baseline. Luckily, our engineers have provided ground truths. Nonetheless, we
still need an evaluation metric that can take information in the ground truths
into account.

Suppose a time series S = [s;],,.,, comes with ground truths {G}, and the
pattern search algorithm retrieves found patterns {F}. The evaluation metric
on retrieval accuracy should gauge how well {F'} aligns with {G}. We devise the
metric in two directions: time-point-based and pattern-interval-based.

For the time-point-based metric, we first need to derive whether each time
point s; is located in a found pattern, i.e.,

[ 1, ifa<i<b b) € {F}]
Y=|yi=1. la_z.<’S(a’>€{ ) (S11)
0, otherwise )
L 10<i<n
Likewise, we can derive whether each time point s; is in a ground truth
[ 1, ifa<i<b, S(a,b)e{G}]
N P 1a_z.< , S (a,b) € {G} (812)
0, otherwise .
L 10<i<n
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Subsequently, we can count 1) the number of time points both in a ground
truth and in a found pattern (true positives) TP = |{i | y; = z; = 1}, 2) the
number of time points in a found pattern but not in a ground truth (false posi-
tives) FP = |{i | y; = 1, z; = 0}, and 3) the number of time points in a ground
truth but not in a found pattern (false negatives) FN = |[{i |y; =0, z; = 1}|
Finally, we can calculate the precision = recall = and F} =
2-precision-recall
precision+recall *

Time-point-based metrics may lead to pitfalls, e.g., in (), where
the algorithm fails to recognize the target pattern as a single piece, despite the
correct classification of every time point, and hence, perfect time-point-based
scores.

We propose, therefore, to transfer the metric Average Precision (AP) [20]
from object detection in computer vision to pattern search in time series. It
operates on pattern intervals instead of time points.

AP requires an IoU threshold v to judge whether a found pattern, in accor-
dance with its matching ground truth, is relevant. The IoU of two patterns P;

TP+FP’ TPLFN’

and Py is IToU (Py, Py) = IEB%I. AP pronounces a found pattern F™* true posi-
tive if 1) F™* overlaps a ground truth G by at least v; and 2) G does not overlap
another found pattern F’ of higher confidence by at least v (otherwise, the more
confident F” has already “consumed” G). Together, F'* is added as a new true pos-
itive if 3G € {G} s.t. IoU (F*,G) > v and VF' € {F' € {F} | IoU (F',G) > v},
frel (F*> > frel (F/)

The IoU threshold v regulates the strictness of the metric. (@) shows
a series of ToUs. We used AP30 and AP50 with IoU threshold 30% and 50%
respectively, and interpreted AP30 as “roughly caught” and AP50 as “precisely
located”. Please note that in computer vision, the IoU threshold for AP is usually
at least 50% and can be as high as 95%. According to our findings, however, this
thresholding can be too strict for time series pattern search, and the scores of
most results (especially results from the baseline methods) would be too low and
not well separated, making result comparison difficult. (©) provides an
example, where the found pattern has 33% IoU with a ground truth that does
not overlap with another found pattern. The found pattern is, consequently, a
true positive according to AP30, but a false positive according to AP50.

In conclusion, while advocating time-point-based classification, we prefer a
pattern-interval-based metric to measure retrieval accuracy, because it aligns
better with the desired outcome format of the task pattern search, i.e., found
pattern (intervals) in whole pieces rather than individual time points.
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I Complete Benchmark between Nonmyopic Search and
Traditional Search

I.1 Raw Results

The raw results contain information that will reveal the identity of the authors.
We will publicize all raw results in an archive upon acceptance.

1.2 Complete Diagrams and Analysis on Retrieval Accuracy and
Speed

The evaluation of the nonmyopic search and the traditional search is very ex-
tensive. Its inputs have four dimensions: 1) four use cases, 2) nonmyopic search
or traditional search, 3) four machine learning model to choose from, 4) four
different numbers of sliding window kernels in the case of traditional search. We
examined the performance in two aspects: retrieval accuracy (including robust-
ness) and speed.

The retrieval accuracy and speed of traditional search depend on the number
of sliding window kernels. We tried 1, 3, 5, and 7 sliding window kernels. Con-
sequently, the performance of traditional search is represented by lines rather
than points in the diagram. In our opinion, 7 sliding window kernels is enough
in production, provided that the classification model works decently. We use 8
sliding window kernels in rule-based initial search in production. More about
the number of sliding window kernels and their actual sizes can be found in
[App. E.3}

In our experiments, LSTM is much slower than the other models without an
advantage in retrieval accuracy. It compresses the visual elements (points and
lines) of other models to the left, causing skewed diagrams. Therefore, we also
show a version without LSTM because we are more interested in the efficient
models.

[Fig. S22 [Fig. 523 [Fig. 524] and [Fig. 525] show retrieval accuracy measured
in AP30 versus execution time in wall-clock time in seconds in all use cases,
without and with LSTM. Based on these diagrams, we can draw the following
conclusions.

— (Key Conclusion 1) Retrieval Accuracy. Nonmyopic search is much
more accurate than traditional search because the points denoting nonmy-
opic search are much higher than the lines denoting traditional search. In
fact, some models in traditional search do not work at all in some use
cases, indicated by the low lines. An extreme case is the Deep Valve Linear
Phase use case in where the target patterns (linear phases) them-
selves do not have distinctive characteristics. It is the contexts of these target
patterns that are telling. Consequently, nonmyopic search’s consideration of
the pattern contexts contributes much to the detection. But even in other
cases, where the contexts of the target patterns themselves are not as helpful,
nonmyopic search is still substantially more accurate than traditional search.
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One possible explanation is the efficient usage of the labels. In nonmyopic
search, a label is used as many training instances from slightly different tem-
poral perspectives. A labeled found pattern comprises of many time points,
and each time point corresponds to a training instance during model train-
ing. In traditional search, a labeled pattern can only be used as a single
training instance. Translational data augmentation is also unimaginable. In
this sense, nonmyopic search better respects the nature of the data type, i.e.,
time series, during model training. Because it lets the model see an event
from different temporal perspectives. Whereas, traditional search only shows
one perspective of a target pattern.

(Key Conclusion 2) Speed. Nonmyopic search is generally faster than
traditional search because the points denoting nonmyopic search are gen-
erally located left to the lines denoting traditional search. An exception is
LSTM, which is by far the slowest model and is not recommended anyway.
Although nonmyopic search spends considerable time in training due to the
many more training samples, it has an edge during inference because it only
scans the data once (please refer to the raw data for training time and in-
ference time in . Moreover, training time will be dominated by
inference time, because training time is determined by the number of labels,
which is generally small, while inference time by the size of the data, which
is generally large. Therefore, we expect a greater advantage of nonmyopic
search when the data are bigger. On a side note, this reminds us of You Only
Look Once (YOLO) in object detection in computer vision, which passes im-
ages through the model only once, making it faster than its competitors like
Faster R-CNN. While YOLO suffers from a minor accuracy sacrifice in ex-
change for speed, our pipeline actually boosts the accuracy enormously, as
explained by Key Conclusion 1.

Robustness. Nonmyopic search is more robust according to the plots, be-
cause 1) the retrieval accuracy of various models used in nonmyopic search
are comparable (of similar height), while the retrieval accuracy of various
models used in traditional search vary significantly; and 2) the error indi-
cator bars showing the standard deviation of retrieval accuracy in five runs
with the same model in nonmyopic search are so small that they are nearly
imperceptible, while the error indicator bars for traditional search are some-
times relatively long, e.g., in

Model Accuracy. In nonmyopic search, except for LSTM’s less satisfactory
performance, all models achieve comparable retrieval accuracy. On the con-
trary, in traditional search, random forest clearly performs the best, show-
ing the model’s general capability (rather than the pipeline’s capability) for
the task time series pattern search.

Model Speed. In both pipelines, random forest and XGBoost run the
fastest. Note that GPUs are not used during training. If GPU is enabled,
we expect XGBoost to run fastest. Early stopping is enabled when possible,
namely for XGBoost, LSTM, and CNN, not for random forest, which does not
support early stopping.
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— Model Memory Consumption. Random forest and XGBoost require all

(the higher, the better)
-28888888¢8~

c2RERRSTES

c2RRR2RRTRT

data and labels in memory, which may cause out-of-memory error when the
memory resource is limited. Whereas, neural networks like CNN and LSTM
work in batches and enjoy better memory consumption.

Number of Kernels. This point is only relevant for traditional search.
Increasing the number of sliding window kernels does not automatically lead
to better accuracy. Whereas, the execution time is guaranteed to increase
approximately proportionally to the number of kernels. It is likely that the
model in traditional search fails to steer the model during training anyway,
and increasing the resolution (number of differently sized sliding window
kernels) during inference does not work for poorly trained models.
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Fig.S22: Deep Valve Whole Signal Use Case.
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Fig. S24: Variable Displacement Use Case.
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EEG Eye State (Without LSTM) EEG Eye State (With LSTM)
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Fig.S25: EEG Eye State Use Case. CNN in traditional search with three
kernels seems to take too long to run. However, we repeated the experiment and
got the same result. Due to the time limit, we haven’t checked the root of this
issue but report it here.



NOOPS: Feedback-Driven Time Series Pattern Search 51

1.3 Visual Inspection

Please find in the OSF project under https://osf.io/xudk7|the plots with the
data, the ground truth, the positive labels, the negative labels, and the found
patterns (called “predictions” in the plots).

We cannot place the plots in this appendix because there are too many plots.
Specifically, there are four use cases, two search pipelines (nonmyopic search and
traditional search), and four models; for traditional search, there are four choices
for the number of sliding window kernels; except for the EEG Eye State use case,
whose time series data are short, we kept not only the plots containing the whole
data, but also a zoomed-in plot to better show the quality of the found patterns.
Therefore, there are 60 plots in total.

For demonstration, shows an example plot for visual inspection in
the EEG Eye State use case with random forest in nonmyopic search.

As mentioned in [App. 4] each experiment for retrieval accuracy is repeated
five times, and each experiment for speed is repeated ten times. The results of
the five runs are visually similar. Therefore, we have kept only the plots in the
first runs. Please also note that the benchmark between nonmyopic search and
traditional search only involves running the feedback-driven search once. Thus,
the result is likely not converged, especially for the Variable Displacement use
case. Benchmarking of the converged retrieval accuracy is a topic in[App. J.1] as
well as in

The positive labels and negative labels may cover the ground truths in the
plots and make some of the ground truths completely or partially invisible. Please
refer to [App. G for complete ground truth labels.

Generally, we can observe that the found patterns after a feedback-driven
search iteration with nonmyopic search are fairly decent, while the found patterns
after a feedback-driven search iteration with traditional search are often quite
problematic.


https://osf.io/xudk7

52

Yuncong Yu et al.



NOOPS: Feedback-Driven Time Series Pattern Search 53

Query EEG Eye State with Random Forest in Time-Step-Based Pipeline
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Fig.S26: An Example Plot for Visual Inspection with the EEG Eye State
Use Case. It shows the time series data, ground truths, positive labels, negative
labels, and found patterns (called “predictions” in the legend of the plot) in the
EEG Eye State use case with random forest in nonmyopic search (called “time-
point-based pipeline” in the plot title). The positive labels are also ground truths
(for all ground truths uncovered by labels, please refer to[App. G} specifically for
the EEG Eye State use case, please refer to|App. G.4)). The query is used in the
rule-based initial search, not in the feedback-driven search. It is plotted only for
reference as a typical zoomed-in target pattern. In this use case, we used the first
four ground truths as positive labels. They are all at least partially found. We
provided two negative labels. As expected, they are not in the found patterns.
The other ground truths (not as positive labels) are mostly covered by the found
patterns. However, the long ground truth around 60 second is recognized as two
found patterns. The found pattern before 80 second is a false positive. And
the long found pattern that begins after 80 seconds and ends shortly after 100
seconds subsumes three ground truths, among them two are extremely short. As
mentioned, there are 60 such plots, and this figure only serves as an example.
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I.4 Diagrams of Training and Inference Time for All Use Cases

shows the training and inference time with random forest in non-
myopic search and traditional search with different numbers of sliding window
kernels. We only show plots for the random forest. The qualitative relationships
between different execution time periods are typical. The training and inference
time for other models are similar. We choose random forest because it is the
best model in terms of retrieval accuracy and speed for traditional search, and it
has also shown strong performance in nonmyopic search. Therefore, it is suitable
for the task time series pattern search.

Deep Valve Whole Signal Deep Valve Linear Phase
400 400
@ 300 @ 300
g 200 GE’ 200
= 100 . = 100 .
0 || | 0 || ||
i 1 3 5 7 1 3 5 7
Nonmyopic Traditional with # kernels Nonmyopic Traditional with # kernels
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g 100 GE) 100
E 50 . E 50 .
o =m N 0 =
Nonmyopic 1 3 S Y Nonmyopic 1 3 S 7

Traditional with # kernels Traditional with # kernels

B Inference Time Training Time

Fig.S27: Training and Inference Time for All Use Cases with Random
Forest. This series of diagrams shows the relationships between training and
inference time in nonmyopic and traditional search. For one thing, the infer-
ence time of nonmyopic search is comparable with traditional search with one
sliding window kernel, both scanning the data only once. The execution time
in traditional search scales roughly proportional to the number of sliding win-
dow kernels. When comparing nonmyopic search with traditional search with
five sliding window kernels, which is coarse enough (we use eight sliding window
kernels in production in rule-based initial search), nonmyopic search clearly has
an edge. For another, while the training time in traditional search is negligi-
ble, the training time in nonmyopic search is considerable due to the massive
increase in training instances. However, training time is not a concern for large
data because training time is determined by the number of training instances,
which in turn is determined by the number of user labels, which is usually small.
Whereas, inference time scales with the size of the time series data, which is
generally large. For traditional search, the low training time actually hints at its
low retrieval accuracy.
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1.5 Performance Summarization

If restricting the experiment to Random Forest (the best model for traditional
search in terms of retrieval accuracy and speed) and the number of sliding win-
dow kernels to five (which should be coarse enough; we use eight sliding window
kernels in production in rule-based initial search), nonmyopic search brought
19% retrieval accuracy boost (absolute difference) in 68% less execution time, as
shown in derived from the raw results under https://osf.io/36kf2!

Retrieval Accuracy with AP30 Execution Time in Seconds
Use Case Nonmyopic Traditional  Gain Nonmyopic Traditional Reduction
DV-Whole 0.93 0.76 0.17 86 237 64%
DV-Linear 0.82 0.41 0.41 72 234 69%
VD 0.43 0.46 -0.03 19 130 85%
EEG 0.59 0.39 0.20 60 136 56%
Average 0.69 0.50 0.19 ‘ 68%

Table S6: Simplified Performance Gain with Nonmyopic Search. If
limited to Random Forest (the most accurate and fastest model in tradi-
tional search) and to five sliding window kernels, nonmyopic search increased
retrieval accuracy by 0.19 and reduced execution time by 68% on aver-
age. (DV-Whole: Deep Valve Whole Signal, DV-Linear: Deep Valve Linear
Phase, VD: Variable Displacement, EEG: EEG Eye State)


https://osf.io/36kf2
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J Complete Benchmark between Multi-Feature Feedback
and Binary Relevance Feedback

J.1 Multi-Feature vs. Binary Relevance Feedback - An Overview

This section benchmarks multi-feature feedback with traditional relevance feed-
back quantitatively on retrieval accuracy. Since multi-feature feedback creates
higher-quality labels, better accuracy is expected. Our aim, however, is to verify
that the improvement is substantial and cannot be omitted. Given its strong
performance in [App. 4] nonmyopic search with Random Forest is used.
Designing experiments involving users is challenging due to the entailed sub-
jectivity. Following |17} [19], we simulate user behavior with two agents: the BR-
Agent (Binary Relevance) and MF-Agent (Multi-Feature), shown in

Case 1: the found pattern aligns | Case 2: the found pattern aligns Case 3: the found pattern does Legend
well with a target pattern poorly with a target pattern not align with a target pattern

BR-Ageni/\ BR-Agent~\ BR-Agent\/_ — Time Series
_\,’1\__ _\,,,.\__ _/\/__

MF-Agent\/\ MF—Agent\/\ MF—Agent\/_ V' Label

Fig.S28: BR-Agent vs. MF-Agent. The BR-agent labels a found pattern
positive if it overlaps a ground truth sufficiently, otherwise negative. The MF-
agent labels a found pattern positive, as long as it overlaps a ground truth, and
the target pattern is used as the label instead of the found pattern. The MF-
agent only labels a found pattern negative when it does not overlap any ground
truth.

The BR-Agent accepts a found pattern F' if: 1) it overlaps a ground truth G
by at least the IoU threshold v* (set to 30%), 2) it does not overlap any already
added positive label F' by v*, If F fails 1), the BR-Agent labels it negative. If
it passes 1) but fails 2), the BR-Agent ignores it.

The MF-Agent adds a found pattern F' as a positive label if it intersects
any ground truth G, regardless of their IoU. This setting assumes the user can
notice G upon seeing F. Instead of labeling F', the MF-Agent adds G as a label
(if not already labeled), simulating the user’s correction to the pattern position
and size. I is labeled negative only when it does not intersect any ground truth.

The experiment began with imperfect patterns from the rule-based initial
search. Each agent evaluated these patterns against the ground truths and re-
turned five labels. Because Random Forest and XGBoost do not support incre-
mental training, we retrained models at each iteration on the new and all the old
labels. We ran 10 feedback iterations, which is sufficient for retrieval accuracy
to converge in all use cases.

shows AP30 and AP50 after the initial rule-based search and each
of ten feedback iterations. By AP30, both feedback types can improve upon the
rule-based baseline (Iteration 0), e.g., with the rising AP30 in Deep Valve Whole
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Signal. In the Deep Valve Whole Signal use case, multi-feature feedback im-
proves the final AP30 by about 0.05 over binary relevance feedback. Other use
cases show a larger gain. By AP50, the difference is even clearer: accuracy with
binary relevance feedback barely increases, whereas it rises to a much higher
level with multi-feature feedback.
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Fig.S29: Evolution of Retrieval Accuracy. Both feedback types can increase
retrieval accuracy, mainly after the first iteration. Multi-feature feedback consis-
tently outperforms binary relevance feedback under both AP30 and the stricter
AP50. In fact, binary relevance feedback fails to improve accuracy in some cases.

In conclusion, multi-feature feedback outperforms binary relevance feedback
and should be established for feedback-driven pattern search, especially when
combined with nonmyopic search. More experiments and deeper analyses are
documented in the following.

J.2 Raw Results

The raw evaluation results are kept in the second sheet titled “multi-feature vs.
binary rel.” in the file “evaluation.xlsx” under https://osf.i0/36kf2. Instead
of viewing the file directly in OSF, please download the file and open it locally
to see the plots and formatted content.

J.3 Accuracy Evolution

Please refer to


https://osf.io/36kf2
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Fig.S30: Evolution of Retrieval Accuracy in All Use Cases. While both
feedback types may improve accuracy, as indicated by the rising AP30 in the
Deep Valve Whole Signal use case, multi-feature feedback significantly outper-
forms binary relevance feedback, as verified by the blue curves denoting multi-
feature feedback above the purple curves denoting binary relevance feedback. In
fact, binary relevance feedback does not always work, as the low purple lines
in the Deep Valve Linear Phase use case show. In this use case, the temporal
contexts of the target patterns need to be taken into consideration during pat-
tern search. Hence, correction of positions and sizes is especially helpful in this
case. Multi-feature feedback also significantly outperforms the binary relevance
feedback in the EEG Eye State use case, where boundaries between the target
patterns and the background are relatively difficult to delineate, requiring the
user’s help. Not only does multi-feature feedback catch more target patterns cor-
rectly, as indicated by the higher AP30s, but the true positives are also of higher
quality (more precise locations and sizes), as indicated by the higher AP50s. In
fact, binary relevance feedback with IoU 30% as the boundary between true pos-
itives and false positives never really improves AP50, suggesting that training
with low-quality labels may not result in a high-quality outcome. Another find-
ing is that the retrieval accuracy is not guaranteed to increase monotonically;
it may deteriorate, not only for binary relevance feedback, but also for multi-
feature feedback, as in the Deep Valve Linear Phase use case. A worse result
is observed after the first feedback round in the Variable Displacement use
case. This is probably due to the limit we set for the feedback. Specifically, we
allow only five new labels in each feedback round. The rule-based initial search
already works relatively well in this case. However, the first feedback round only
has five labels to begin with, which can be challenging for model training, leading
to worse retrieval accuracy. Finally, even multi-feature feedback may stagnate,
as in the EEG Eye State use case, where the search result converges to a subop-
timal state. That said, the found patterns in visual inspection, e.g., in
count as a reasonable outcome and indicate that the model training goes in the
right direction.
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J.4 Converged Accuracy
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Fig.S31: Converged Accuracy of All Use Cases. It can be seen that the
results from multi-feature feedback stand the test of increasing strictness of the
metric or the increasing IoU threshold, indicating the higher quality of the found
patterns in terms of their positions and sizes. Even just looking at the leftmost
pair of bars in the four bar charts (with the lowest metric strictness), we can see
that the multi-feature feedback leads to higher retrieval accuracy, implying that
the multi-feature feedback catches the target patterns better. Binary relevance
feedback does not work at all in the Deep Valve Linear Phase use case and the
EEG Eye State use case. The target patternsin the Deep Valve Linear Phase,
as illustrated in [Fig. S17] and [Fig. S16] represent a linear phase in a process. The
internal characteristics of this phase do not contain rich features for detection.
Luckily, the surrounding phases, e.g., the “J”’-shaped phase, are distinctive and
can contribute to the search. However, if the labeled found patterns are poorly
bounded, as in binary relevance feedback, model training may not benefit much
from this advantage because the characteristic context is sometimes in the train-
ing instances and sometimes not, making this regularity that could have been
relied on for detection irregular. In the EEG Eye State use case, the start and
end time points of the target patterns are very blunt. It is challenging for the
model if the labeled found patterns do not have sharp bounds because there is
basically no clear information for the model to learn how to locate the start and
end time points. Moreover, the special data augmentation that labels the time
points surrounding a positive label, introduced as the third benefit in [App. 3.2]
requires that the labeled found patterns have correct start and end time points.
Otherwise, it may cause incorrect negative training instances. All in all, the ad-
justment of the pattern positions and sizes contributes greatly to the detection
of the target patterns, especially for nonmyopic search.
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J.5 Visual Inspection

We show the found patterns after ten feedback-driven search iterations with
multi-feature feedback in this section. As can be seen in ten feedback

rounds are sufficient for retrieval accuracy to converge in all our four use cases.

Please find all plots under https://osf.io/ntemw, including converged found
patterns with binary relevance feedback.

Deep Valve Whole Signal

— original data  —— ground truth
0.4

(LA

o

prediction

I

600

current
°
o

I

0
Timein s

Fig.S32: Deep Valve Whole Signal.

Deep Valve Whole Signal (Zoomed in [390, 470])

— original data  —— ground truth prediction
0.4

N -

420 430 440
Timeins

450 460

Fig. S33: Deep Valve Whole Signal (Zoomed in).

Deep Valve Linear Phase

— original data  —— ground truth prediction

| AT

Timein s

Fig.S34: Deep Valve Linear Phase.


https://osf.io/ntemw

rotation speed

rotation acceleration

rotation speed
o
&

NOOPS: Feedback-Driven Time Series Pattern Search

Deep Valve Linear Phase (Zoomed in [390, 470])
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J.6 Performance Summarization

As shown in [Tab. S7| (raw results under https://osf.io/36kf2), multi-feature
feedback raised retrieval accuracy on average by 35% and 59% according to AP30
and AP50, respectively.

AP30 AP50
Use Case MF BR Gain MF BR Gain
DV-Whole 0.97 0.92 0.05 0.97 0.32 0.65
DV-Linear 0.78 0.04 0.75 0.76 0.00 0.75
VD 1.00 0.76 0.24 1.00 0.54 0.46
EEG 0.55 0.18 0.36 0.55 0.05 0.50
Average 0.83 0.48 0.35 | 0.82 0.23 0.59

Table S7: Simplified Performance Gain with Multi-Feature Feedback.
Multi-feature feedback raised retrieval accuracy on average by 0.35 and 0.59
according to AP30 and AP50, respectively. (DV-Whole: Deep Valve Whole
Signal, DV-Linear: Deep Valve Linear Phase, VD:Variable Displacement,
EEG: EEG Eye State)
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K Case Study

In this appendix, we show step-by-step screenshots during the case study. The
videohttps://www.youtube.com/watch?v=7-MPiC7asBg&t=827s/demonstrates
the same use case in action. To be clear, no actual user was involved in the case
study. Instead, we demonstrate the functions of the App in a real-world use case
ourselves. We have chosen the Variable Displacement use case because it has
more than one channel and contains multiple files, while the other use cases have
only one file or contain only one channel. Due to compliance reasons, we have
normalized the data, so the time spans from 0 to 1, and the value range also
expands from 0 to 1 in each data file. The use case has eight files. We used all of
them in the algorithmic evaluation. For the case study, we chose the first three.
They should be sufficient to showcase the features and verify the usability of the
UL In this case study, we can see how the imperfect result from the rule-based
initial search was improved by feedback-driven search. Specifically, there were
some false negatives and some false positives after the rule-based initial search.
After one feedback-driven search round, the missing ones were found, the incor-
rect hits were removed, and the result was nearly perfect. In the case study, we
tried to test and demonstrate as many interactive features of the Ul as possible.
However, the only mandatory user interaction is the provision of at least two
true positives / correctly found patterns in each feedback-driven search iteration.
While other user interactions help the user explore target events in the data, as
well as understand and diagnose the algorithm, they are optional.

|/\\/ . IAV Pattern Search

© Inputpata

[@ SEARCH FILES
Query Definition
active_leaming\data\hmb\hmb_processed_dev_anonymized\metadata json = READ TRACKS

Initial Search D:\Pre eries_pattern_search_active_learning\data\hmb\hmb_processed_dev_anonymized\hmb_2s0.npy

Feedback Search Path in HDF *

Q" Please input data and select channels.

Fig.S39: Input Data. The user input the directories of the time series mea-
surement data and the metadata (mainly a list of channels in the data). The
user selected a file and the channels relevant to the target event for inspection.
In case of HDF-files, the user also needed to specify the path to the data within
the HDF-file.


https://www.youtube.com/watch?v=7-MPiC7asBg&t=827s
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|/\\/ . IAV Pattern Search

1 Input Data
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© Query Definition
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{ Initial Search D:\Projects\time_series_pattern_search_active_learning\data\hmb\hmb_processed_dev_anonymized\hmb_2s0.npy
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~ PLOT DATA

2 Query Definition
2.1 Mark an Example

rotation speed

Q" Please mark a query in the line chart with the Bokeh Box Select Tool {7} .

Fig.S40: Inspect Data. After clicking the button “Plot Data”, the selected
channels in the chosen data file were plotted for inspection. The selected two
channels roughly correspond to the engine rotational speed and acceleration.
They were extracted by our engineers based on domain-specific signal processing
techniques. We can see the harshness, or periods where the signals vibrate with
high amplitudes, in the data. They occurred during transitions between half-
engine operation and full-engine operation in a variable displacement engine.
Because there are two types of transitions, namely, from half-engine to full-
engine and vice versa, there are also two types of events. The transition from
full-engine to half-engine looks more interesting because the harshness is more
severe.
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Fig. S41: Mark a Query. The user zoomed in on a target pattern and marked
it as the query to search for. The query describes the transition phase from full-
engine operation to half-engine operation for a variable displacement engine.
This period is notorious for NVH problems, and our engineers strive to alleviate
the problems.
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IAV Pattern Search

Data
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Metadata file

D:\Projects\time_series_pattern_search_active_leaming\data\hmb\hmb_processed_dev_anonymized\metadata json
\time_series_patter_search_active_leaming\data\hmb\hmb_processed_dev_anonymized\hmb_2s0.npy
rotation speed acceleration
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rotation speed
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2.2 Algorithm Parameters

Relative width

@ Initial search: scanning data and calculating similarity ...

@ SEARCH FILES

= READ TRACKS

v || Pathin HDF*

Fig.S42: Start Initial Search. The user clicked the button “Start Initial
Search”, to run the quick-and-dirty rule-based initial search. The status bar
reported on the processing status of the backend (computing similarity profiles,
conducting dimensionality reduction for the scatter plot, calculating pairwise
similarity between found patterns for the force graph, etc.)
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| /\\/ ‘ IAV Pattern Search
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File 2: hmb_6s0.npy

File 3: hmb_7s0.npy

(@ Initial search complete. Please inspect the result. If necessary, please provide labels and start feedback-driven search

Fig. S43: Initial Search Complete. Upon completion, the user noticed a new
section titled “3 Initial Search” with three collapsed areas corresponding to the
three data files in the given directory.
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File 1: hmb_250.npy
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Fig. S44: Initial Search Result (File 1). (Caption on the next page)
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Fig. S44: Initial Search Result (File 1). The user expanded the first file. As a
sanity check, the found patterns in the Found Patterns View looked reasonable.
The dimensionality reduction scatter plot titled “candidates” in the Analysis
View did not suggest any potential false negatives (missing target patterns) for
examination, as there were no candidates (dark blue points) that were more sim-
ilar (closer) to the query (the yellow point) than the found patterns (bright blue
points). However, the user spotted a node / found pattern far from the cluster
around the query in the force graph. It hinted at a false positive (incorrectly
found pattern). The user hovered the cursor over the lonely node and noticed
in the tooltip that its confidence was not particularly high. The user clicked on
the node in the force graph to highlight it. The pink highlight appeared not
only in the force graph, but also the dimensionality reduction scatter plot, in
the Overview, and in the Found Patterns View. In the Found Patterns View,
the user found that the highlighted pattern indeed did not look like a target
pattern. Above all, its value range was much smaller. The user clicked the sec-
ond button in the button group to display the found pattern in the
same value range as the query. After that, this suspicious found pattern became
almost a horizontal line in both channels. Accordingly, this found pattern was
not relevant and belonged to background noise. The user checked this pattern in
the Overview, where the context of the pattern confirmed the suspicion. Luckily,
this found pattern ranked the lowest among the found patterns, because the
found patterns were displayed in descending order of their confidence, and this
found pattern was the last one. This meant that the user could easily remove this
false positive by raising the confidence threshold, or even simpler in this case,
by reducing the number of found patterns by one. This can be achieved in the
first input field beneath the confidence distribution histogram in the Analysis
View. In the meantime, the user noticed a tiny cluster with high confidence in
the histogram. It is often a good idea to set the confidence threshold just below
this cluster, should it exist. The dimensionality reduction scatter plot and the
force graph both transform high-dimensional patterns into a 2D space. The for-
mer performs better with many instances and is used to visualize the pattern
candidates that are usually massive after the initial search, if not filtered with a
confidence threshold. Whereas, the force graph does not scale well and is used
to visualize the usually scarce found patterns. Furthermore, the user can move
the nodes in the force graph to sense the robustness of the layout. Sometimes,

the two even hold opposite views, as we will show in
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Fig. S45: Initial Search Result (File 2). (Caption on the next page)
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Fig. S45: Initial Search Result (File 2). The user expanded the second data
file. First, the user scanned the found patterns in the Found Patterns View. The
top two found patterns looked potentially relevant, while the others irrelevant.
The user then skimmed the Overview and realized that there were definitely
more than two target patterns in the data file (please note the long empty area
in the navigation slot above the line chart. For example, we highlighed a pink
point, which was obviously a false negative). Consequently, the user turned to
the dimensionality reduction scatter plot, whose function is to suggest potential
false negatives. There, the user did find some candidates that were even closer
to the query than some found patterns. The user clicked on these candidates in
the scatter plot to highlight them in all views. After that, the user checked them
in the Overview. Unfortunately, the user did not find more target patterns. This
indicated that the rule-based initial search did not work well in separating the
relevant patterns from the irrelevant ones, and the user should resort to feedback-
driven search in order to improve the result. On the other hand, there were two
found patterns faraway from the query in the scatter plot. The user thought that
they were probably false positives. Surprisingly, that was quite the opposite case.
After highlighting them, the user found that they were actually the two top true
positives in the Found Patterns View (the first two that are selected as positive
labels, as indicated by the green icon )! The user clicked on a candidate close
to the two true positives / green points in the dimensionality reduction scatter
plot (near the top right corner). As expected, the user found false negatives
around them, such as the one highlighted in the figure. This unexpected finding
implies that the variance of the patterns may be greater between measurements
than within the same measurement. Namely, the query originated from File 1,
the target patterns in File 1 were similar to it, and the found patterns were
relatively decent in File 1; the target patterns in File 2 deviated comparably
more from the query, and the retrieval quality suffered. Interestingly, though the
two true positives were far from the query in the dimensionality reduction scatter
plot, they were close to the query in the force graph, showing the superiority of
the force graph over the dimensionality reduction scatter plot in assessing the
relevance of the found patterns and in finding false positives, at least in this
use case. We labeled the true positives as green positive labels and the top false
positive as a negative label, so that the reader can better identify the issue in
the scatter plot and the benefit of the force graph. Namely, in the dimensionality
reduction scatter plot, the red point (false positive) is very close to the yellow
point (query), and the two green points (true positives) are very far away from
the yellow point (in the top right corner); conversely, in the force graph, the
green points are close to the yellow point, and the red point is farther from the
yellow point than from the two green points, which is desirable.
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File 3: hmb_750.npy

3.3.1 Analysis View @

Fig. S46: Initial Search Result (File 3). The user proceeded with the third
measurement file. There was nothing special in this file. The first two found
patterns in the Found Patterns View were relevant, which the user also veri-
fied in the Overview by checking their context. The other found patterns were
irrelevant. There were no other false negatives discovered with the help of the
dimensionality reduction scatter plot. Again, the confidence histogram helped
in this case. Namely, the user adjusted the confidence threshold right below the
first tiny cluster with top confidence (exactly the position in the vertical slider),
which left only the true positives.
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3.1.1 Analysis View
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Fig.S47: Add Labels. (Caption on the next page)
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Fig.S47: Add Labels. After result analysis, the user decided to conduct the
feedback-driven search, mainly in order to improve the result in the second data
file with many false negatives. The user clicked on the second button or the
third button in the button group mﬂ below a found pattern in the
Found Patterns View to mark it as a positive label or a negative label. The
user would also like to mark a couple of spontaneous negative labels directly in
the Overview. This would help the model better recognize the background. The
user clicked on the Bokeh box select tool and dragged a box between the
first two positive labels in the Overview to add a long negative label. Thanks
to nonmyopic search, such long labels become possible during feedback-driven
pattern search in time series. The uncommitted label looked like the long right
negative label, which was filled with transparent red. The user could adjust its
position and size. After clicking the “ADD” button, the label was committed and
looked like the long negative label on the left with only a frame and no fill color.
The labels from found patterns are also visible in the dimensionality reduction
scatter plot and the force graph.



76 Yuncong Yu et al.

3.1.4 User Labels View
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Fig. S48: Review Labels (File 1). The user provided feedback in each file. Af-
ter that, the user reviewed the labels before starting the feedback-driven search.
In the first file, the user marked the labels shown in this figure. Note that high-
lighting (the pink frame) also works in this view. The second negative label was
spontaneously added in the Overview in Other labels were originated
from found patterns in the Found Patterns View. The line charts show the found
patterns as blue boxes from which the labels originate. This is best seen in the
line chart of the first negative label, where the negative label is larger than the
originating found pattern. The user can adjust the positions and sizes of the
labels, as we have unnecessarily done for the first negative label, just for illus-
tration. The user can also remove labels by clicking the “REMOVE” button.
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3.2.3 Found Patterns View ®
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Fig. S49: Review Labels (File 2). The user provided the labels shown in the
figure for the second data file. To show the originating found patterns, we have
included the Found Patterns View in the screenshot. Basically, the user marked

the two true positives as positive labels and the top false positive as a negative
label.
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3.3.3 Found Patterns View @

e & Riopl

RT FEEDBACK SEARC

result. If

Fig. S50: Review Labels (File 3). The user provided the labels shown in the
figure for the third data file. As in the user marked the two true
positives as two positive labels and the top false positive as a negative label. At
this point, the user had inspected the results in all data files and was ready to
start the feedback-driven search. To proceed, the user clicked the button “START
FEEDBACK SEARCH”.
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Fig.S51: Feedback-Driven Search Result Ready. Upon completion of
the feedback-driven search, the spinner in the button “START FEEDBACK
SEARCH” stopped. The user saw three collapsed areas for the results in the
three data files after feedback-driven search.



80 Yuncong Yu et
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Fig.S52: Feedback-Driven Search Result (File 1). The user opened the
result in the first data file. Without surprise, the user again met the four positive
labels in the Found Patterns View. The fifth found pattern was clearly a false
positive. The sixth resembled the target pattern. However, its value range did
not match that of the query. The user verified it by clicking to scale the
pattern to match the value range of the query. Furthermore, the user highlighted
the pattern and checked its context in the Overview (erroneously titled “Data
Overview” in the plot). There was exactly one true positive next to the pattern
to inspect. It was apparent that the highlighted one belonged to the background.
Otherwise, the force graph suggested the same conclusion. The user did not see
the dimensionality reduction scatter plot in the feedback-driven search because
there are usually not many pattern candidates after the feedback-driven search,
and dimensionality reduction does not work well when the number of instances
is small. Instead, the user saw a heatmap showing the confidence of each time
point in each found pattern. The rows / found patterns are sorted in the same
order as in the Found Patterns View (descending order of confidence). The time
points in the last two rows / found patterns in the heatmap were relatively dark,
in contrast to the first four, indicating that the model was uncertain. Indeed,
they are the two false positives (last two found patterns) clearly shown in the
Found Patterns View. In the confidence histogram, the user saw two bars. The
upper bar had very high confidence and was well separated from the lower.
Therefore, the user could raise the confidence threshold between the two bars or
simply reduce the number of found patterns by two. It seemed that the four true
positives found by the rule-based initial search were likely the only four target
patterns in this data file.
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Fig. S53: Feedback-Driven Search Result (File 2). (Caption on the next
page)
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Fig. S53: Feedback-Driven Search Result (File 2). With high expectation,
the user expanded the result for the second file because there were many false
negatives in this file in the rule-based initial search. To the user’s satisfaction,
the feedback-driven search returned three new patterns besides the old two,
as shown in the Found Patterns View. The new found patterns were indeed
relevant patterns after the user’s examination in the Overview. The user noticed
that the confidence of the last found pattern had a trough on the right side
of the pattern in the heatmap, showing that the model was uncertain in this
region of the found pattern. The user double-clicked on the row / pattern in the
heatmap to highlight this found pattern in all views. The third added channel
in the Overview showed the time point confidence. This low confidence region
in this found pattern indicated a classification problem (rather than a clustering
problem), which could be solved with a second feedback-driven search with this
found pattern as a positive label. The user also noticed that the last two patterns
in the Overview shrank slightly on the left side. If another feedback-driven search
was intended, this imprecision could be corrected with multi-feature feedback in
the User Labels View. However, depending on the domain requirements, it was
unnecessary to proceed with another feedback-driven search round just for this
minor imperfection.
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Fig. S54: Feedback-Driven Search Result (File 3). The user went on to the
third data file. Its situation was similar to the first. The first two found patterns
were the positive labels after the rule-based initial search. The third found pat-
tern was obviously a false positive, which was also implied in the force graph.
Considering that the time points in the found pattern have high confidence, as
shown in the heatmap, the user could mark it as a negative label to correct the
misclassification in the next feedback round. For the result in this file per se,
the user could simply raise the confidence threshold to between the two bars or
reduce the number of found patterns by one. There were actually no other target
patterns in the data file. The user was satisfied with the results and proceeded
with subsequent domain-specific analysis.



NOOPS: Feedback-Driven Time Series Pattern Search 85

L Expert Study

L.1 Procedure

Introduction
+ Explain Ul features
«+ Live demonstration with the Variable Displacement use case (the same as the case study)

< Q&A
5 min 15 min 30 min 10 min
O O
O

Background of the Expert Task-Based Hands-on Test Interview
+ Domain + The Expert operates the tool « Prepared questions

e.g. gasoline engine calibration « Data from the expert, preprocessed by us e.g. use case covered?
« Experience + Predefined tasks with goals but without concrete instructions Which visualizations

e.g. 3 years e.g. find at least two false positives; user-friendly / unfriendly
« Typical use cases provide meaningful negative labels; + General feedback

e.g. Finding an unexpected rise of certify if outcome improved after the feedback-driven search, and Tipps und Tops

engine speed accompanying specific provide evidence if it is the case Feature missing?

driver behavior in certain engine state « Criticism, suggestions, and comments during the test encouraged

Fig.S55: Procedure for the Expert Study.

In this appendix, we elaborate on the expert study.

shows the procedure for the expert study. We invited two experts,
each to a one-hour session. It began with an inquiry about the expert’s domain,
experience, and typical use cases. Then we explained the major features of NOOPS,
followed by a live demonstration with the Variable Displacement use case used
in the case study in[App. K| After we clarified all the questions from the expert,
the expert took full control of the laptop and received tasks one after another
from us. Both experts used the PHEV dataset described in[App. G.5] Both experts
are very familiar with the dataset and the use case. For the expert study, we
only used the first three data files that the expert provided us. Before the experts
took over, we had already started the web application and typed the paths to
the data and metadata into the corresponding input fields. The tasks that the
experts needed to work through one by one were
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T1:
T2:
T3:

T4.

T5:

T6:

T7:

T8:

T9:

T10:

Tasks Guiding the Hands-on Test

Inspect the data and find at least one example of target patterns in
the data.

Specify a query (the pattern to search for) and start the initial search.
Inspect the found patterns of the first file and point out three true
positives (relevant found patterns), or all true positives if there are
fewer than three.

Search for false negatives (missing target patterns) with the help
of the dimensionality reduction scatter plot. Notify us when you
believe that all potential false negatives suggested by the tool have
been examined.

Find at least one false positive (irrelevant found pattern) or assert
that there are no false positives in the file.

Answer the question: is it possible to filter out only the true posi-
tives? If yes, please demonstrate; if no, please argue.

Inspect the results in the other two files.

Provide feedback on the results. At least three positive labels and
one negative label are desired. Please do not forget the possibility of
marking spontaneous labels.

Conduct the feedback-driven search and verify whether the results
are improved.

Point out an imperfect found pattern (the found pattern is relevant,
but its position or size is imprecise), if any, and suggest the remedy.

All communication was in German because our experts were not completely
comfortable with English. We thereby translate the protocol into English. During
the design of the tasks, we try to convey the goals and avoid concrete instructions
or means to test the usability of the UI. During the 30-minute task-based hands-
on test, the experts were encouraged to provide feedback whenever they deemed

necessary.

Finally, an interview after the test rounded off the expert study. The following

questions were posed during the interview.
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Questions During Interview after the Hands-on Test

Q1: Does the tool cover your use case?

Q2: Could you imagine other scenarios beyond this use case that you
have provided where the tool may be of help?

Q3: Which visualizations and features are the most useful based on your
experience?

Q4: Which visualizations and features are user-unfriendly based on your
experience?

Q5: Do you miss a feature? If so, please elaborate.

Q6: Other criticisms, suggestions, and comments.

L.2 Protocol

We conducted the expert study with two experts individually. Expert A is a
senior technical consultant with 15 years of experience in the development and
calibration of gasoline engines. Expert B is an on-board diagnostics engineer
with one year of experience in air, fuel, and thermal-related features of gasoline
engines. We recorded thought-provoking remarks and behavior of the experts.
The protocols of the two experts are merged for a compact presentation. After
reporting on the observations, we provide our analysis of the issues.

T1:

T2:

T3:

Inspect the data and find at least one example of the target patterns in the
data.

No interesting behavior was observed.

Specify a query (the pattern to search for) and start the initial search.
Expert B pointed out that in some cases, the target pattern could be as
simple as binary bit sequences. For instance, he experienced such signal
fragments of interest in CAN bus data. In such cases, it would be simpler to
specify the query by sketching. Although he would opt for query-by-example
if he must choose one as a permanent solution, he argued that the two query
definition approaches were not mutually exclusive.

Inspect the found patterns of the first file and point out three true positives
(relevant found patterns), or all true positives if there are fewer than three.
The experts browsed all found patterns in the Found Patterns View and la-
beled the true positives and false positives simultaneously in one go. Expert
A suggested that the query could be placed next to the found patterns for
an easier comparison. Expert B suggested that it would be handy to list the
found patterns in all data files in a summary view, rather than listing them
in each data file separately. Because the number of files could easily reach
hundreds or even thousands in his use cases. He added that the order of
the views could be optimized. He would prefer the Found Patterns View at
the top, followed by the Overview, then the Analysis View, and finally the
Feedback View, which better respected his workflow. Moreover, he would
not compare the found patterns with each other, so it was unnecessary to
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show multiple found patterns simultaneously in the Found Patterns View.
It did not matter to list all found patterns in a table, where each row rep-
resented a found pattern with some meta-information. After clicking a row,
the corresponding found pattern would be shown in a line chart. Whereas,
he could not certify that other engineers also do not have the need to see
multiple found patterns simultaneously.

Our Reflection: we will offer different ways to present the results according
to the engineers’ different needs.

Search for false negatives (missing target patterns) with the help of the
dimensionality reduction scatter plot. Notify us when you believe that all
potential false negatives suggested by the tool are examined.

No interesting behavior was observed. Both experts had never heard of di-
mensionality reduction. We explained the meaning, purpose, and desired
interactions in the Q&A session after the live demonstration. Expert A was
very amazed that such a technique existed. During the hands-on test, both
experts had no problem exploiting the dimensionality reduction scatter plot
in search of the false negatives, though they did express bitter experience
regarding the steep learning curve. Expert A mentioned that it would be
critical to embed our explanation during and after the live demo, somehow
in the app itself. Otherwise, he doubted future users without seeing our live
demo and hearing our explanation could understand the visualization and
know what to do with it. He appreciated the tooltips and hints in the bot-
tom status bar. Nonetheless, he wished for something like another sidebar
or bottom pop-up with video tutorials or multiple pictures explaining the
visualization. Expert B expressed a similar opinion. He admitted that there
were currently no ways to find false negatives, and that the need was valid.
In that sense, the dimensionality reduction scatter plot did address his need.
However, it took quite some effort for him to fully comprehend dimension-
ality reduction. He expressed frustration and stressed that this could pose a
usability issue. Both of them also expressed similar opinions about the force
graph and the heatmap. Moreover, Expert B suggested adding contours or
color gradients in the background of the dimensionality reduction plot, so
that it would be clearer which points / pattern candidates were closer to the
query and other true positives. Additionally, Expert B pointed out that it
would be a good practice to have axis titles all the time. Even in such cases,
where the axes did not have concrete physical meanings, they could still
be labeled somewhat like “Primary Embedding Dimension” and “Secondary
Embedding Dimension”.

Our Reflection: we realized that even for such standard techniques like
the dimensionality reduction scatter plot in visual analytics, domain users
without a data science background may have problems applying it. Accord-
ing to our previous experience, domain experts are rather reluctant to learn
data science algorithms and wish for a magic tool, which, fed with data,
would spew their desired outcome. In case of the scatter plot, they need to
know at least that a point in the scatter plot represents a pattern candidate,
and similar patterns / points are closer. We should not assume that the user
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will bring this knowledge with them. Rather, we need to explicitly convey
the knowledge to the user in the UI. However, they may still be unwilling to
assimilate this information. Thus, we could go one step further and try to
algorithmically and automatically find the potential false negatives based on
the dimensionality reduction and find the potential false positives based on
the force graph. Namely, we can investigate algorithms that analyze scatter
plots and force graphs automatically. In the future, we can show the po-
tential false positives and negatives directly as line charts to the user for
interactions and feedback, so that the domain user does not need to learn
the techniques and the visualizations.

Find at least one false positive (irrelevant found pattern) or assert that there
are no false positives in the file.

Both experts accomplished this task during T3.

Our Reflection: we expected the experts to find the false positives with
the help of the force graph. However, it seems that it is more straightforward
for them to differentiate true positives and false positives by looking at the
line charts in the Found Patterns View directly. In that sense, we failed to
validate the usefulness of the force graph with the expert study. Nonetheless,
the case study verified its benefit to some extent.

Answer the question: is it possible to filter out only the true positives. If
yes, please demonstrate; if no, please argue.

Both experts were able to deduce that if all true positives have higher confi-
dence than the false positives, it is possible to separate them by tuning the
confidence threshold or tuning the number of find patterns. Otherwise, if
there were false positives with higher confidence than at least one true pos-
itive, a perfect separation would be impossible. When asked for a remedy,
both came to the right answer, namely feedback-driven search. Irrelevant
to the question, Expert B praised the added channel in the Overview with
confidence of all pattern candidates and a draggable horizontal line for ad-
justing the confidence threshold. He preferred this added channel to the
confidence distribution histogram. Even though we explained that the his-
togram offered a unique way to find the appropriate confidence threshold,
which would be just below the tiny cluster with top confidence, he argued
that ideally, the prominent found patterns stood out in the added channel,
while the irrelevant candidates had lower bars, which also indicated the ap-
propriate confidence threshold. That said, he preferred a global confidence
threshold, not one for each data file. Therefore, the histogram could still be
a better solution because the added channel worked only within each data
file.

Inspect the results in the other two files freely.

One of the files had too many false negative candidates in the dimensionality
reduction scatter plot (there were many candidates closer to the query than
the found patterns). Expert A had no patience to check all of them. He had
forgotten to use the lasso selection tool to select all false negative candidates.
The confidence threshold could be adjusted to include all of them as found
patterns. However, even he used the lasso selection tool after our reminder,
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the result was unsatisfactory because many false positives also appeared.
He checked some potential false negatives and decided to give up.

Our Reflection: this was rather a frustrating experience during the hands-
on test. The idea in T4 to show the line charts of the potential false negatives
and false positives could potentially alleviate the issue because the user does
not need to click the points before checking the line charts, which better
caters to the domain user’s impatience.

Provide feedback on the results. At least three positive labels and one neg-
ative label are desired. Please do not forget the possibility of marking spon-
taneous labels.

Expert A mentioned that the feature of marking spontaneous labels was
hidden and somewhat unintuitive. He would like to have the input fields
and buttons below the Overview, which appeared when marking a sponta-
neous label, to float above the labels in the Overview and close to the user’s
focus, rather than below the line chart in the Overview. This was especially
problematic when there were many channels, as was exactly the case be-
cause there were three channels in the use case.

Our Reflection: interactively (i.e., on an ad hoc basis) added UI compo-
nents, which require immediate user interactions, should ideally be close to
the user’s current focus or the position of the mouse cursor. It is our mistake
to violate this rule.

Conduct the feedback-driven search and verify whether the results are im-
proved.

No interesting behavior was observed.

Point out an imperfect found pattern (the found pattern is relevant, but its
position or size is imprecise), if any, and suggest the remedy.

No interesting behavior was observed.

Our Reflection: actually, we did not expect the last task to be solved so
effortlessly. On the contrary, we expected this task to be the most demanding
as it required understanding of the algorithm. However, perhaps we provided
a telling example during the live demonstration, and this was also the last
point we demonstrated in the live demo. Both experts had fresh memories
and could simply imitate our analysis.

Hereby, we also attach the protocol in the ten-minute interview after the

hands-on test.

Q1

Q2:

: Does the tool cover your use case?

Both affirmative, definitely.

Could you imagine other scenarios beyond this use case that you have pro-
vided where the tool may be of help?

Expert A: not exactly other scenarios, but we often want to collect multi-
ple samples of a certain event in the data to analyze its cause and effect.
Such an event is usually an unexpected behavior of the engine. It is rather
spontaneous. I cannot say what we search constantly, but we search for dif-
ferent events. In the old days, we would search for such events in historical
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measurements. We have even developed a tool called “Rampensau” (Ger-
man word meaning passionate stage performer) to detect ramps (“Rampen”
in German), which mathematically describes a specific query and can only
search for this specific pattern. If we cannot retrieve such events from the
historical data, we must commission new measurements, which would incur
costs. We appreciate it that you saved us hassle and money.

Expert B: There are cases where the appearance of the target patterns is
initially obscure to us. We may start with another anomaly detection tool,
also from your team. Then, we can search for similar events with this pat-
tern search tool. That said, how about a bigger tool combining the two,
maybe a platform tool where we can concatenate these atomic tools and
build our own analysis pipeline?

Which visualizations and features are the most useful based on your expe-
rience?

Expert A: from my perspective, the one-click solution to scale all found
patterns to the value range of the query is the most useful one. I would
even suggest setting it as the default to show all found patterns in the same
value range as the query, because it does not make sense to check the details
of a found pattern, if it does not have the correct value range anyway.
Expert B: I like the last added channel in the Overview with the confidence
of the pattern candidates and a draggable horizontal line for adjusting the
confidence threshold.

Our comment: the practical features that are easy to use and best suit
the task are rated the highest.

Which visualizations and features are user-unfriendly based on your expe-
rience?

Expert A: as mentioned earlier, I find the visualizations except the confi-
dence histogram, though undoubtedly useful, not immediately accessible for
me as a mechanical engineer. In terms of research, I understand the different
circumstances. However, as a product, being simple to use is of paramount
importance. In my view, Google search is so successful because there is only
one input field. But this example is perhaps excessive, as Google search is
designed for everyone, while experts deserve more complex tools for deeper
insights. If it is indeed helpful, as I can say in this case, we can organize
trainings.

Expert B: I find the visualizations in the Analysis Views useful but require
too much learning.

Our comment: as mentioned, especially in the reflection for T4, much to
our surprise, even standard techniques in visual analytics can be intimidat-
ing for domain users. We came to realize the frustrating reason why many
delicate visual systems thrive in the greenhouses of laboratories but fail to
survive in the wildness of industry.

Do you miss a feature? If so, please elaborate.

Expert A: No, I cannot think of any.

Expert B: It is common for calibration engineers to add or remove channels
during inspection. It might be a good idea to allow adding channels after the
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initial search and before the feedback-driven search. Because even though
target events may reveal themselves visually as patterns in certain channels,
other channels may be related according to domain knowledge and may
contribute to the retrieval of such events, which is possible with the machine
learning techniques behind the feedback-driven search.

Q6: Other criticisms, suggestions, and comments.
Expert A: I'm generally pleased with everything I have seen. I look forward
to closer cooperation between our teams, because I believe that our use
cases and requirements inspire and drive your work, and your research and
development simplify and expedite our tedious routines.
Expert B: Not really. Generally, the UI looks beautiful and professional.
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L.3 Screenshots

IAV Pattern Search

1 Input Data

@ Feedback Search 2 Query Definition

2.1 Mark an Example

2.2 Algorithm Parameters

th

Fig. S56: Query. The physical background of the data and the query is described
in detail in In a nutshell, the car is driven by the electric motor at
the beginning of the event. The driver then depresses the gas pedal (first chan-
nel for the gas pedal position). In reaction, the car switches to a lower gear to
produce higher acceleration (second channel for the current gear). Simultane-
ously, the combustion engine is activated and suddenly revolves unexpectedly
fast (third channel for the engine speed). After that, the state of the transmis-
sion and the engine resume. This use case is much more formidable than the
Variable Displacement use case in the case study in because the de-
sired features in the target patterns are much more subtle, with many conditions
and constraints that are specified only implicitly. For instance, at the beginning
of the event, the combustion engine should be idle or operating at low speed,
and the gas pedal should not be depressed to a large extent. The increase in the
position of the gas pedal and the engine speed should be significant. Addition-
ally, causality must be guaranteed. Namely, the abrupt change in pedal position
should occur first. The query does not contain the abrupt increase of the pedal
position at the beginning of the event. This query was marked by the expert
on purpose, knowing that the abrupt increase of the pedal position would still
be taken into account because nonmyopic search is aware of the contexts of the
patterns.
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Fig.S57: Initial Search Result (File 1). The initial search result in File 1
was not particularly good, as the rule-based initial search only retrieved the
query and one more true positive in the top-5 found patterns with the high-
est confidence. The true positives and false positives were marked as positive
labels and negative labels, respectively. Worse still, the confidence distribution
histogram and the force graph did not seem to contribute much to the anal-
ysis. The dimensionality reduction scatter plot helped, albeit with many false
candidates suggested for examination. The result could be improved with the
feedback-driven search because, on the one hand, there were three false neg-
atives (marked as false negatives) with higher confidence than a true positive
(marked as positive label). Therefore, it was impossible to filter out all true pos-
itives without introducing many false positives. On the other hand, it was very
likely that the data contained false negatives that the feedback-driven search
might be able to discover.
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Fig. S58: Initial Search Result (File 2). The initial search result in File 2 was
even gloomier. The rule-based initial search found one true positive in the top-5
found patterns. Other found patterns were false positives. It was also interesting
that the true positive was farther to the query than the false positives in the force
graph, indicating the erroneous usage of ED as the distance measure between two
patterns in the force graph (potentially also inappropriate for the dimensionality
reduction scatter plot).



96 Yuncong Yu et al.

e

1 HWLHI \ ‘JJLM“M fﬁm TWMM flLl‘ F‘”NT}MH'\MLN: b “ﬂ"‘ Il “‘WIYM"‘”J\{‘,WUIHUIW I J”MM M\[ || | n'w

Fig. S59: Initial Search Result (File 3). The result in File 3 was also far from
ideal, as the initial search found only one true positive and four false negatives
with higher confidence. Considering the results in all files, it could be concluded
that the initial search did not perform well, and the feedback-driven search
should be resorted to. Nonetheless, the rule-based initial search did retrieve
some true positives that could serve as positive labels.
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Fig. S60: Feedback-Driven Search Result (File 1). A major improvement
was witnessed as two more true positives were found compared to the result from
the rule-based initial search. If zoomed-in substantially, the four found patterns
/ green points built a cluster at the bottom of the force graph and are far from
the false positives, an indicator suggesting a good result.
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Fig.S61: Feedback-Driven Search Result (File 2). The result in File 2
was not noticeably improved. The feedback-driven search found the same true
positive, an indecisive pattern, and two false negatives. A minor point, the true
positive had a more precise starting and end time than the one after the rule-
based initial search, thanks to the multi-feature feedback (the position and size
of the found pattern was corrected before used as a positive label during model
training).
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Fig. S62: Feedback-Driven Search Result (File 3). A substantial improve-
ment was observed as three more true positives were discovered.
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