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Data Shopping in Data Marketplaces is only one Step ...

~ A

Ak DMP My Products ~ Q search @ My Account ¥ =y
Filter: Q  Health x
Category - Perpage:| 10 n Sort by v

Security Class b
| @B healthammsiam Data Owner: x
Ownar - =¥  Database with Information about Health ~ Security Class: 3 Data Asset
Type - ﬁ sleep_study doms_table DAtE Owney = x
Table with Sleep Study Example Sacurity Class: 3 Data Asset
Format w
. " .5
| located in Data Lake g hand washing doms taste Dats Onen x
Table with Hand Washing Statistics Sacrily Clase 3 Data Asset
Apply
Q, Search
SHOPPING CART - 1 ITEM
ies h 1 lected
o salaries s path Data Ownen: Erk Baumgariner Security Class: 3 & em s
Data with Salaries of Teachers (ot Createc: 06.08.2021 Zone: raw zone
Intended Usage
Why do you need this and how do you intendto | g
process the data?
Data Provisioning
How would you i Us t0 prevision te cats? - .
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Challenges in Analytic Processes

How to find and
explore suitable data?

How to define

structure and
‘ content?
Data © \

Preparation How to select
the algorithm?

Data
Understanding

Business
Understanding

Deployment

_ ®
® Modeling ®

Drivers increasing these challenges
= data volume / big data
= data scientists + domain experts
= self-service analytics

How to specify
parameter values?

Evaluation

How to measure
model quality?

Universitat Stuttgart, IPVS L [CCKoO0] 3



Analytic Processes
Effort spent

Data
Understanding

Business
Understanding

Data
Preparation

Deployment

Modeling

Evaluation

~ 20%
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Analytic Processes
Focus and categories of approaches

define
prepare select evaluate

data algorithm

parameter

model
values

user

Knowledge involvement
(Domain experts, data scientists, ...)

Meta Learning

AutoML
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Agenda

define
prepare select evaluate

data algorithm

parameter

model
values

classification
P system to
Knowledge [ exploit domain
(Domain experts, dat g [ knowledge for

multi-class

AutoML

: classification
Meta Learning
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Agenda

define
parameter
values

prepare select
data algorithm

evaluate
model

Knowledge
(Domain experts, data scientists, ...)
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method to
efficiently
determine the
number of
clusters in
datasets




Agenda

define
prepare select evaluate

data algorithm parameter model
values

Knowledge
(Domain experts, data scientists, ...)

Meta Learning

AutoML
approach for
clustering

Optimizer Loop
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Agenda

define
prepare select evaluate

data algorithm

parameter

model
values

classification
P system to
Knowledge [ exploit domain
(Domain experts, dat g [ knowledge for

multi-class

AutoML

: classification
Meta Learning
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Use Case: End-of-line Testing

* Final function test of complex products
like engines of trucks

* Fault detection based on measurable

sensor signals [ assembly Y . @ ...... ||i°||°}\
J Line " " I°:]

- Reworkincludes | ______ G0 Qom __ _
- fault isolation ’ End-of-Line | Pass/Fail |, (} (“@T\\
- work to fix quality issue Testing | Decision Sersorsignals gt
- Rework based on engineers’ |
subjective knowledge may lead to @ < @:] Rework
- wrong decisions functional defective al
* ineffective rework attempts / waste of =
time

mmm) data driven approach desirable

Universitat Stuttgart, IPVS



Training Data on EoL Testing

 Available datasets
* D,: engine data
+ D,: sensor signals with timestamps
 Dj: diagnostic data and rework attempts
- Data integration to obtain suitable
training data with
* number of samples N = 1050
* number of features M = 115
* number of classes: 84

X Sample set

T! Feature space F:
|1 Relevant f,,

o Error code:
|5 = 2 instances

D,.E;p=D3.Eip )

(¥
(f\ Omin(|D.TS=D3.TS|)

=D32.Eip

Error code:
Mp,.E

Pass/fail decision:
GIS “second to last failed”

Pass/fail decision:

. Engine series: o
|2 “|last passed”

|:l ,ADE® Vv ,MDE"

Set  Name Topic Sample Feature N M w m Diagno D

D1 Engine Spec sheet  -Engine type 519,214 22 Features x; Target label y,
-Engine design o: Selection  t4:Innerjoin  TS: Timestamp MDE: Medium duty engine

D5 Test bench  Test runs -Sensors s, 621,689 383 e Projection % Fuzzy join - HIDE: Feawy cuty engine

D4 Diagnostic Faults -Error code y+ 20,631 77

Universitat Stuttgart, IPVS
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Data-driven Fault Isolation

» Fault detection based on binary
classification

SENSOor

cignals classifier

» Fault isolation considered as single- - Recommendation list of length p sorted
lable multi-class problem - by confidence values
sensor [© 038, € 065 © 05 @ 045;..]
signals

rework attempts

Universitat Stuttgart, IPVS L [HRM19] 12
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Accuracy@4

Evaluation Results

60%

50%

40%

30%

20%

10%

0%

\ J

59% X ¢
Improvements of accurac
R compared to baseline possible
+ 50% Y 49% X + 49%
. . ¢ Leads to reduced number of
s ¥ s rework attempts
34% X o 34% X .
. T w3 - Achieved accuracy depends on
27% o .
m 2 22% o - selected algorithm
o W 7% - type of data preparation

B 11%

5%

‘ how to exploit
AdaBoost  RandomForest kNN €0 CodeFrequency domain knFc))wIedge?

|

classifiers
feature selection
—
+ Stand-Alone B RUS ROS X SMOTE OvA X Boruta . . . .
\ — , V. H_|rsch, P _Relmann, B Mltschang: Data-Driven
Y ' Fault Diagnosis in End-of-Line Testing of Complex
sampling binarization Products. DSAA 2019
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Domain Knowledge: Product Hierarchy

» Engines are organized in groups according to series, type and model

« Approach to exploit this domain knowledge: learn separate model for each group
- Multiple challenges

Engine
[N:1.050]
C: 8485:72
pe HDE class
small 2 Series [N:277] mbalance
number of = [c: 60 5:52]
samples . omazo | [ omar1 | =
s = [N:96] [N:130] L X x
3 37| S:43]) $:52] fu
E 471900 936980 | ( 936910 | |
g Model [N:52] [N:309] [N:61] Fo H H
3 C:26]5:48 C:43]8:57)) \[C:24]5:44]) i AT
MDE: Medium-Duty Engine | HDE: Heavy-Duty Engine [:]Product group : Product leve S

models/learners ﬁ ﬁ ﬁ ﬁ

Universitat Stuttgart, IPVS
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Classification System

1 2
Training set preparation Predictive modeling
a b c d e f
Segmentation accordin Class Partitioning Pre-processin Create Ensembles & Classify New Obtain Ranked
to Product Hierarchy according to Imbalance P 9 i Sample x, List R,
— Feature 5 Majori »S Minority § Fetch Combiner
Primar
Sas";?e Sample get F L g L $ Ensemble & fC)
X
e )
. - - - . of Predicte
Sample Set | Manipulation Learner £; Predictions y, Limit Classes
8 < 4 = 2 A 4
C A q (P reme -— _
o
o &
Product Hierarchy Imbalance Degree Class Distribution re-processing Method lassification Algorithm Model Repository New Observation Predictions ¥,
4 Domain knowledge /\ Metrics used for class partitioning ) ) Preparation phase ) ) Training phase 1) Application phase

V. Hirsch, P. Reimann, B. Mitschang: Exploiting Domain Knowledge to Address Multi-Class Imbalance
and a Heterogeneous Feature Space in Classification Tasks for Manufacturing Data. VLDB 2020

Universitat Stuttgart, IPVS
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Evaluation Results

Accuracy at e (A@e)

Universitat Stuttgart, IPVS

85%
75%
65%
55%
45%
35%
25%
15%

3 4 5 6 7 8 9
Recommendation lists R, with different lengths e

10

«+-@--- Averaged Neural Network (avNN) —#— Random Forest + Boruta (RF+B)

®  Tailored Appracch

@ rework attempts at e (RA@e)

0 [HRM20]
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What‘s next?

* Generalization
+ are the main steps of the classification

system independent from the use case?

» what constraints have to hold on the
domain knowledge to make the
classification system work?

» Use clustering in data preparation

« can we achieve similar effects by
automatically cluster the training data?

* how can we exploit domain knowledge
in constraint-based clustering?

Universitat Stuttgart, IPVS

Systematically exploit further domain
knowledge

Source Representation Integration
Which source of knowledge How is the knowledge Where is the knowledge integrated
is integrated? represented? in the machine learning pipeline?

Scientific Knowledge

(Natural Sciences,
Engineering, etc.)

Differential Equations

Hypothesis Set

(Network Architecture,
Model Structure, etc.)

World Knowledge

(Vision, Linguistics,

Semantics, General K., etc.) Learning /\lgnritl‘\m

(Regularization Terms,
Constrained Opt., etc.)

Probabilistic Relations

Expert Knowledge

(Intuition, Less Formal) Human Feedback Final Hypothesis

[Rue21]
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Agenda

define
parameter
values

prepare select
data algorithm

evaluate
model

Knowledge
(Domain experts, data scientists, ...)
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method to
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Estimating Number of Clusters

Search space R = [2,n]

-+ Exploit domain knowledge to reduce 2 | 3| 4| . |u2fut|u
: . hausti
» Without domain knowledge e
« exhaustive search
2 3 4 u-2 u-1 u

* non-exhaustive search

non-exhaustive

Available estimation methods

| automatic | semi-automatic

exhaustive Akaike Information Criterion Davies-Bouldin Index Elbow Method
Bayesian Information Criterion Dunn Index
Calinksi-Harabasz Index Jump Method
Coggins-Jain Index Silhouette Coefficient

- i Gap Statistics X-Means (AIC)
non-exhaustive G-Means X-Means (BIC)

Universitat Stuttgart, IPVS



LOG-Means

- Baseline: Execute clustering algorithm Define
for all parameter values k € R 1= Execution
Settings
|
How to limit search space? I _
Exploration
| Iteration
Evaluate ( Clustering
Result L Algorithm
Elbow method
1. Perform clustering for each | B
- 3 -
parameter in R sample elbow graph
2. Calculate SSE for each
result B 2 |
3. Create the elbow graph 2
1
4. Choose the bend O
in the elbow graph (analyst) | | o o
0 2 4 6 8 10 12 14 16 18 20 22 24

University of Stuttgart L1 [Tho53] 20



LOG-Means

Intuition

- Elbow graph decreases in general with
increasing values of k € R
* The bend describes a “sudden drop” of
the SSE
SSEj_4

SSE ratiok = W
k

- Use SSE ratio to compare areas
between non-adjacent values for k € R

M. Fritz, M. Behringer, H. Schwarz: LOG-Means: Efficiently
Estimating the Number of Clusters in Large Datasets. VLDB 2020

University of Stuttgart

Iterations 7
[=] [=]
- — o
x
[ ]
Lol
=
[ -
=]
= o
. s
o
=] o -
[=]
SSE ratio

SSE -10°
SSE ratio

0
5 10 15 20 25
k

(a) Elbow graph with SSE ratio Vk € R.

X
B M)ﬁ
[+
=] - B W
[=] [=] [=]
SSE ratio

kbend

(7
(%]
[=] (%] [y
SSE ratio

0 5 R 1] 15 20
<i> <ix
klow khigh

(b) Procedure of LOG-Means for i = 1,2 and the last iteration.

—— SSE [0 SSE ratio x Executing @ Already executed

21



LOG_Means Input: X - dataset, kjo, - minimum number of desired

clusters, kpjgn - maximum number of desired clusters,
£ - number of neighbors to evaluate

IﬂtUltlon Output: keg - estimated number of clusters for X
1 k.’.aw — klo’w - ]--
2 K« 0
3 M+ 0

a4 SSEiow +— SSE from k-Means with kjow:

5 KPKU{(kiowrSSEZow)};

6 SSEpign + SSE from k-Means with kpign:

7 K KU {(khigh. SSEhrign)}:

8 while ( kiow and kpign are nol directly adjacent ) {

9 A"mid — L(khigh + klow)/2j§
. . 10 SSFEmiqg + SSE from k-Means with k,,;4;
- Elbow graph decreases in general with 11| K KU ((kias S B}
R R 12 ratioje ft SSEtDw/SSEmid;
increasing values of kK € R 15 | ratiopigne < SSEpia/SSEnign:
14 M <+ store or update {(kmpiq. ratiogese)}:
. I ““ 15 M  store or update {(kpigh,ratiorigne)};
* The bend describes a “sudden drop” of to | Foion < k with highest ratio from M.
17 klow + left adjacent value of kpign from K;
the SSE 18 | SSFEnsgn — SSE for kpign from K
19 SSEjow + SSE for ki from K;
20 }
SSE t- _ SSEk_l 21 if £ > 0 then
ra lOk - - 22 kbend < k € [kiow, khign] with highest ratio in AM;
SSEk 23 'L‘)‘low — kbe'nd - L€/2J'
24 khigh + kbena + |£/2];
25 for ( Vk € [kiow: khign] ) {
. 26 SSEkppe, ¢ SSE of kpreo from K
- Use SSE ratio to compare areas a7 i) then
\ 28 SSE) + SSE for k from K
between non-adjacent values for k € R 20 else |
30 SSER < SSE from k-Means with k;
a1 K« KU{(k.SSE})}:
32 end
33 ratiop SSE;CPPEU/SSEJQ;
34 M « store or update {(k, ratio)};
M. Fritz, M. Behringer, H. Schwarz: LOG-Means: Efficiently 88 H

36 kest «— k € [klow, khigh] with highest ratio in M;
37 return kegy;

Estimating the Number of Clusters in Large Datasets. VLDB 2020

University of Stuttgart 22



LOG-Means

Runtime Evaluation

Failed 0 -. 0 o- 0 0 o 0 0 ) o, (0o ¥ 00p
caed 170 (63%) @3%) 4% (0%) 0% % | 0% 0% 0% 0% [0%| 0%
| | | | | | | E
— 10t i N
oo
E" I | E28 —T 544 | 205 | ,
= 256 254 265 203 270 ' 307 104 106
= 1
R = T == T é _
-t 1
oo |
: 1 R
10" | | | | | | | | L v | | | | | -
ELM AIC BIC CHI CJI DEI DUI JUM SIL |} GAP GME XAl XBI LOG | LOG*
' L I\, J
Estimation Methods for the number of clusters in datasets
1
1
[ exhaustive, semi-automatic [ non-exhaustive, ascending, automatic
[ 1 exhaustive, automatic I non-exhaustive, logarithmic, automatic
University of Stuttgart L [FBS20] 23




LOG-Means
Accuracy Evaluation

100

50

ok ( 0)

—50

—100

100

50

Sk (%)

—50

—100

100

50

—50

ok ( 0)

—100

AT T T T T T T T T T 1T [T K IXRRIKIRE RIIRK RKIRK] [T X TXTRRORKTK RRK RRIRK] T T T T T T T T T T 1 T T [ T TXT X IXT X RIRK RXT50F
= 0k=304% 4 | 0k =-1720% - | Sk=-1720% - k=177T% -+ | 0k =-353% -
L T YTLLY PR TP TLL LT '~ o— o— — — 8 —o - % o o ' o— 89— — — & — — = _o— —0— —| |esessesce®ergosenrs®onosess | Fogate 00 o 00 — o o 8 —
TN = = I - == I - T == I = Y Y O B B A A =
“EPEKZEREKEZERE ~orEKREREKEERSH “EPEKEERERZERE S EPEXEERENRE R "EPEKZEREKEZERE
mTRENERS ¥z ST ERrDREEEERE mTRERERS B2 =T s DR ZLDR ETRENERE ¥
" %xxﬁxi ” %xxﬁxi 7, x**ﬁxi Y. *Mxﬁxi = x**ﬁxi
(a) ELM (b) AIC (e) BIC (d) CHI (e) CII
TR RRTRK XXTRK RRIRK RRXK] FT T T T T T T T T T T T T H  RToX KR KIRKIKRR] T T T T T T T T TXIXIK] FITTTIT T TTTTTTH
- _ . - _
= o0k =-250% - 0k=-381% - | ¢, - F 0k=-07% - | 0k = —85.63 %
Foe— —o— o— 5 — 8 —o — o —o — — —o-..—o..-oﬂi.-.t“m.-.;uu-o-— ————————————————— —| [esesntage gosos090 00008 | |- — - — - —— ————— — —— —|
B 1 0 10 Ok =7347% | | T [® ® o o o ® o o o |
N e O e = I = O AN A== B =L LYEL K SN LI LI DRI S
“CrEXEEREREERE ~E>HRREREREERE “CrEXREEREREERE “HbEXHECEXEE>E “ErEKEEREEEERE
[= Lo = = = 5 H =y M - = 5o = = = > = by H =L = 5oH = =
" HHH§H§ " HHHQHQ % HHH§H§ " HHHL‘HQ " HHH§H§
(f) DBI (g) DUI (h) JUM (i) SIL (j) GAP
[T Te#edes [ wodedel [ dedes] [T T T T T [T T T T T T T FH [T T T T T T T T T TTTH AT TTTTTTTTTTTH —||||||||||||||—\
= 4 F 0k =-33.00% - | 0k=-328% -+ | Sk=-156% - | 0k =-196 % -
—.—..- ——— a0t _ _ el — — 8— —8— 80— 28 8058080 —0 0000 o— —8— 08— 9 2000090 — 0208 —.‘H.ﬂ’ﬂn.ﬂm.‘tu.—..l— —.-.;.-.-l-..-.—..—..“.—‘-..—.:.—.“..—
B Sk=63.74% 1 10 110 1 r 7
B biee eejee o) | | ee | | b |iee eejee o | | jee | | b | bl U0 bbb B
N N =R =N B R == - T A== v == e N e - = v R =R = el N R e B B e B = e N =l =N BvE=-E =
- = = = = = = = oo - - - = = = = - =0 AT — - = - = =
- g2 E¥e > %2 DR - g ¥ s %2 Coxe - g¥e O¥e
" xxxixi ” x**;éx; % x**ﬁx; % x**ﬁx; " x**ﬁxi
(k) GME (1) XAI (m) XBI (n) LOG (o) LOG*

« Estimation

Further improvements in:

\_

© Y,

% Failed Estimation

Values closer to 0 indicate a more
accurate result and vice versa

M. Fritz, M. Behringer, D. Tschechlov, H. Schwarz: Efficient exploratory clustering analyses in large-scale exploration processes. VLDB Journal 2021
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Agenda

define
prepare select evaluate

data algorithm parameter model
values

Knowledge
(Domain experts, data scientists, ...)

Meta Learning

AutoML
approach for
clustering

Optimizer Loop
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Categories of Clustering Techniques

hierarchical

= hierarchical decomposition
of objects (top-down or
bottom-up)

= spherical shape only

= Example algorithms: et
BIRCH, CURE

=

density-based

grow cluster until a the density
exceeds a threshold
clusters of arbitrary shape

allows to filter noise
Example algorithms:
DBSCAN, DENCLUE

grid-based

= cluster on grid structure
assigned to object space

= cluster shape aligned with
grid structure

OSSN

/

= Example alg.:

STING, CLIQUE LN

a

probabilistic model-based

train a probabilistic model that
assigns objects to clusters
objects may belong to multiple
clusters

0.0 0.5 1.0

partitioning

= assign objects to
k clusters

= stepwise improve
cluster assignment

= spherical shape
only

= Example alg.:
k-center clustering
like k-means

i3 _

Lt
g
s O
RN e
* \_-g,;ﬁ'-.’
AL

Universitat Stuttgart, IPVS
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AutoMLA4Clust
Motivation and Related Work

‘ Goal: Address Combined algorithm

selection and hyperparameter
optimization for clustering

Hyperparameter Optimization for Clustering
= Exhaustive and non-exhaustive
estimation methods

Algorithm Selection for Clustering
= Use meta-learning for selecting
clustering algorithm [FC15, PC19]

AutoML Systems

= Auto-WEKA and Auto-sklearn

= Use hyperparameter optimization
techniques [FKE15, THH13]

Universitat Stuttgart, IPVS
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AutoMLA4Clust

configuration space CS

y !
{ select

configuration
cECS

A

dataset D

\ 4

execute ves) - —
internal metric m configuration ol ofc_Jse es
r < c(D) exhausted? configuration
\ 4
evaluate matric
budget | (nv «m(r,D) /
CS configuration space Optimizer LOOp
(algorithm + hyperparameters)

¢ configuration
D dataset
m internal metric
[ budget
r  clustering result
mv metric value D. Tschechlov, M. Fritz, H. Schwarz: AutoML4Clust: Efficient AutoML for Clustering Analyses. EDBT 2021

University of Stuttgart



AutoMLA4Clust

Evaluation

« Setup
- 4 different optimizers
- 3 different internal metrics
 accuracy measure: Adjusted Mutual
Information (AMI)
* Results

- efficient as it explores large
configuration spaces greedily

* generic regarding optimizer and metric
instantiations

* best instantiation with Hyperband
optimizer and Calinski-Harabasz metric

speedups up to 437x
only 3% accuracy deviations

Universitat Stuttgart, IPVS

RS: Random Search, BO: Bayes Optimizer, HB: Hyperband,
BOHB: BO+HB, ES: Exhaustive Search

M CH: Calinski-Harabasz, M DBI: Davies Bouldin Index, M SIL: Silhouette

80,000 AutoMLAClust Baselines
™
3 b g
60,000 2 z &
zl 8 T

RS BO HB BOHB ES (CH)ES (DBI)ES (SIL)

100 AutoMLA4Clust Baselines
75 ﬁ ‘ ‘ !q, ‘ :w.
S §a J% o 4 = &
=~ 50 g 8 & E -
=
< 25
0
RS BO HB BOHB ES (CH) ES (DBI)

0 [TFS21] 29



What‘s Next?

+ Use Meta Learning to
* ... decide on the most suitable internal metric depending on data characteristics
* ... select promising configurations for the optimizer to start with
* ... reduce the size of the configuration space

Universitat Stuttgart, IPVS
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Conclusion

 Classification system for multi-class

classification

+ exploiting domain knowledge helps to 3 e B LEEL) - L) LEEL
address issues with data characterisitcs
(small training data set, class imbalance,

)

Level 3" Level 2 Level 1

* LogMeans

* method to efficiently determine the
number of clusters in datasets

* AutoML4Clust

 applying AutoML approaches to
clustering problems works

Thank you for your attention!

Universitat Stuttgart, IPVS 31
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