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DMR: A Framework for Recommending Drift Detection
Method via Data Characteristic-based Rule Mapping in
Machine Learning System
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Abstract

Machine learning systems often suffer from performance degradation and reduced model reliability due
to data distribution shifts (drift) that occur over time. Although various drift detection methods have been
studied to address this issue, selecting a method that is well-suited to the characteristics of real-world
datasets remains challenging. This study proposes the DMR(Drift Detection Method Recommender)
framework, which automatically recommends suitable detection methods based on dataset meta—features
such as label availability, data type, size, dimensionality, distance computability, and distribution type. The
proposed framework systematically maps data characteristics to detection methods and can be effectively
integrated into drift monitoring modules of machine learning systems. Finally, the effectiveness of D’MR
is validated through case studies using the CIFAR-10 image dataset and the UCI Wine Quality dataset.
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P(x) # Puax) (A-1)
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Sudden A new concept occurs 8 iiiiiiiiiiii
Drift within a short time. E iiiiiii e
A new concept graduaily = s s eoe seo®

Gradual o

» replaces an old one over ] uy__uue_uue
Drift a period of time. Xiiii iii ii i im

| 'A;x yold coéce;)t ' = ‘ .o
Incremental  incrementally changes to 3 .’i"
Drift a new concept over a k ’7‘ u )
period of time. - Time
Recurring An old concept may & SEESSSSS
Drift reoccur after some time. ki [iiiiii""""iiiii
a2 1 Hg s2lZE Ry
Fig 1. Concept Drift Tvoe
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e PSI

PSI(Population Stability Index):= 8t ©o]

B3} 29 dolel o] EAF LxAA Bohel
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= AoItHBl AEAl AHEE 29 dHelHA
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T wxe] wsks S PSI gto] e
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e KL Divergence

KL(Kullback-Leibler) Divergence= oZ3t<]
HE7F FHtrue value)Ql 328 drpv EAE
2243} gko]t}9]. KL Divergence A3+ 34 0
S dkskslt}d. KL Divergence ZA3F3ko]
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KS(Kolmogorov-Smirnov) Test:= S Ho]E
FEE AE wE2EA] HdAE] 9

= H]LS}—E o AMEEE R A
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e MMD

MMD(Maximum Mean Discrepancy)s= & &
EEXE o] AolE AFstste Al 7N B
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e FID

FID(Fréchet Inception Distance)= ©]m]#]
Eo FAES FAs] A SA ARl
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M2 F2  GAN(Generative  Adversarial
Network) ] A4 oln|#] F4& 7kstr] 91
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e LPIPS

LPIPS(Learned  Perceptual
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3. D®°MR: Drift Detection Method
Recommender

flroof & ot Ho

ol AP =eZE YA JEe sl
D’MR(Drift Detection Method Recommender)
YA IE ASHSH

3.1 Ho|g §d gt E8|=

ML Rdo Aee do

2 e Wi Sexes o A%eA
A7) glaAAE ol SAol whe 4w
A Me Agse Aol Fasth oF 98
BT Holy S4S /ARRR R
S 7 BHE 494 £E 444 EE A
At B QAN B ol 54L /%
S & 13 2ol Hold 54 48 5w =
UEE 9H He 2Ha

3.1.1 Label Availability
tole o] il ER (> 90%) ool wel g
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= BF 2 F(classification error)y} &
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Table 1. Drift Detection Method based on Data Characteristics

High-level Sub-level Criteria Applicable Drift Detection
Category Category Methods
PSI, KL-Divergence, ADWIN,
Label Labeled Supervised (labels available) DDM, EDDM, Page-Hinkley
Availability HDDDM, Classifier-based
Unlabeled No label information MMD, LPIPS, ADWIN
PSI, KL-Divergence,
Tabular JS-Divergence,
Data Type Structured (Numeric or categorical tables) KS-Test, ADWIN, DDM,
v EDDM, Page-Hinkley
Unstructured Image, text, audio, embeddings FID, LPIPS, MMD
Large Dataset > 10,000 samples PSI
Dataset Size Small Dataset < 1,000 samples KS-Test
Fast Stream Contin ntial dat ADWIN, DDM, EDDM,
(Online/Streaming) OHHIHONS, sequential data Page-Hinkley
. X X Low Dimensionality < 20 features KS-Test, KLL-Divergence
Dimensionality - - - - - -
High Dimensionality > 100 features / embeddings JS-Divergence, FID, MMD
. . . KL-Divergence, JS-Divergence,
Distance Distance Computable Euclidean, cosine, kernel, etc. KS-Test, FID, MMD
Computability Distance Not Directly P .
Computable Perceptual similarity only LPIPS
Distribution Normal Distribution Gaussian assumption KL-Divergence
Type Non-Normal Distribution No distribution assumption JS-Divergence, MMD
Aqgsitt. 4y dolEHe Moy A3 Av =P ZE &A7F of grh i AFelA = 7]
2ol Aoyl WAG Aol £40 EgH T £ ATESS Fue 4WAY AWL Awow
Z3te Hols el dolgolth 4 doly AZE 100008 7IEo2 27FE dolE Al
o ASE B¥ WSE Wrlely] 98 fRE E ot dolgslos PRI, fe tolal
A7IERe] =R ZE §A] 7ol ARGETh ofH| & PSI7IWeol skl Aqti vo]HAlS H K
A eHe, BiE Apdojsr 2 HAY dlo] “(non—parametric) Hods aEa=
HE 72 J4834ds %3 Jdwds FEsh= KS-Test, MMD 55 A-83h= zlo] Adsitt
FID, LPIPS & ¥4 7S A &gt} 2EZY A AAto® QJEE = o
Hi B Wsh} oRg WSS w2 74
3.1.3 Dataset Size dlof sl old A9 dolE =3E U
dolEld 27l SUu dolEel AF 4ol 2% A ) olgel ARt Holek e
o} dolHAl A7|e ©A 7Hd met SAA ADWIN, DDM & ®A 712 olejdt o
T AR =7F el 4 9ty dF = 2 it sliding window %& F7 27 7|wto=w
E g4 7|HE SR FAF0] FrEojoF sAettt,
Fohal A2 4719 HolHAlE QFEol Tts)
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3.1.4 Dimensionality
t)o]E 2} (Dimensionality)-< H] o] B A&
Jste= 54 (feature)®] 7Hroltt. 1Al &
o] 1007} o]Akel 7o E X o]
sl deleiloR Frach 1A
dullg 7Rk Z1olg s
Zasls BA] 7ML ALgat

BA2 A5 A 7

41
By
>

3.1.5 Distance Computability

dolE o] A B¥ 2o|2 =4 74 o
o whet Agat= @A 7ol gk F
ok A dHolHy #E dolEl ¢
oot Ay Agatste g A Ao
ap7 o] i SA 718k 'A] 7)o
7bsstth olnAIY et e Hlo|E g 2
A frAdel ez A SAHA 4= 45
z 3 A7) deep feature 714WF 7€
Z-83t= LPIPS 7|H& ARE-gHt

hs
2l

_'(_D_l_
]
]

it > 4L oo off Ei&

a4l

3.1.6 Distribution Type

o8 39| A tAd(distribution normality)
o dlo]E¢] FF¢-AIeE B o R ute} €3] 7]
e g dolert At 229 A= &
EREX I} Z}O]% ZA43l+=KL-Divergence”|
= HI AT 3R] A5+ dlo]

el 3 2 Aol vng 5

3.2 Hoje ¢ 7|8t E2|ZE /Y

3.2.1 Drift Type Classification

& A7l ERZE e dolE ==
E, M =ZE ARIgE =ZER B
th delH EfIZEE Px7E WEke A4E

}71] HIO]H X]—xﬂ o HyZ B

Wates A= H]O]Ei—t“ 7“’}‘: & Axrt &
A= A Hristh AdgE sYZEE F
i BE Ply)7h Hahe A9tk D'MR 2
dlae AR =ZE g4 7|yl Ak
%24 A2 (reduction approach) & 2-§3to]
< TSP ZE '] 7ol FHHT wehbA =g
ZE {35 FE87] 98 doly 5A 7wre
2 SEYXE {38 2R dE 5o o]
A dolEe A$ Px), Ply), Plylx) W3=
BF 34 7bsete] BE 24 bee EEEZE
TS & 5 sk v, 2ol gl dlolE <]
B Pylxe AdAo=z F4317] ofHoh w
2A P(x) 7IHke] Wels -4 A5k w7}
S 91 7S FES olek Zo] 7 flo]
H 5A4E B4t FA/AA s e ==
E 385 ¥ 29 Zo] ERFe

# 2 Holg E4 7|8 EEZE RY
Table 2. Drift Type based on Data Characteristics

High-level Sub-level Drift Types to
Category Category Detect
Data Drift
Label Labeled Concept Drift
Availability Prior Probability Drift
Unlabeled Data Drift
Data Drift
Structured b - Probability Drift
Change in P(ylx)
Data Type Sudden Drift
Unstructured Gradual Drift

Incremental Drift
Prior Probability Drift

Data Drift

Large Dataset | 1 b Spie( pty))

Data Drift

Small Dataset | 00 popability Drift

Dataset Size

Sudden Drift
Gradual Drift
Incremental Drift

Fast Stream
(Online/Streaming)

Data Drift

Dimensionality Low
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Dimensionality 3.3 D°MR Framework
High Data Drift o ole|m= oojym g P
Dimensionality | Prior Probability Drift D'MR =91 9] 2 d=lal 9l= ML Al
Distance Data Drift o JuxE= dHolEe EANS AE FEstn
Distance C(I;@iutable Prior Probability Drift Aol B CETE S8S 22 e o] )
e 1stance
Computability |\t Directly Data Drift o 2 714 Al “elZE B WS 23
Computable - - .
3 ‘MR Zg ez
Normal S sty D’ Y del= (1) Automatic
Distribution Distribution [ Prior Probability Drift Feature Extraction, (2) Drift Type Extraction,
Type Non-Normal Data Drift . . . .
Distribution | Prior Probability Drift (3) Filtering Candidate Detector, (4) Drift

Recommender, (5) Drift Detection Executor®]
gAl TRe] AR TAET

3.2.2 Drift Detection Method by Drift Type
7} EYZE 3l =P ZE B4 J|HS &

=

=23t oy ZalZE Ex] 7|Hos £

3.3.1 Automatic Feature Extraction

A% EA FZ(AFE. Automatic Feature
_‘1
o

Extraction) T4

Q
a1

)
S|
° B st EE HolE A A
ol Atk 4 CE]4E g4 7|l o7& CEYE Bxo QTHE EXNS AE0R E2Z
7IRE 2 S AA A B3 7 "R el ¢l st} dlolE] EAL 3144 AE 7]|FS 7
ok APdEE EeZE 7|YHE S B2 E 3 o g theo AR =)
ZFtAY gl 7 A gH7Eel gl = - 28 {5 supervised/unsupervised
dIE FgE diHd =dZE g4 Ve - doly 48 4g/mAe, _f;x]sﬂ/mjzsé =
3 3% o] ettt ~golg Ay AZ 29 o
- Hlo]E 8] AH¢l: ElelH %*éfr, AR o 5
¥ 3 C2ZE S8 ¥ C2|ZE ERX| 7| - A A FARE AL Ths A5
Table 3. Drift Detection Method by Drift Type - flolE B¥: A By 841
Drift I Applicable Drift olFd 54 =YzE §X 7Y EHY
Type Detection Methods W Zz0] 7|20z AlgHT}
PSI, KS-Test, s °
. Covariate KL/JS-Divergence,
Data Drift shift (P(x)) Wasserstein Distance, T .
WD, ADWIN Extract Data Characteristics % #  Recommend Drift Detector

Change in ADWIN, DDM, EDDM, Input Automatic Feature Filtering Candidate
P(ylx) HDDM, KSWIN Dataset Extraction Drift Detector

Sudden Drift | Fage Hinkley Test,

Concept CUSUM, ADWIN - . T B
Drift Gradual Dftdype dimstance Recommender

Drift FDDM. EDDM, ADWIN

Incremental ADWIN, HDDM, Drift Detection
Drift EWMA Executor

Pro]izgflity Label Shift Ig%s%i;;j; 2 JTIRRR——
2 ' a8 =93
Drift (P(y)) HDDM, STEPD 2. D'MR =22l

Fig. 2. D°MR Framework
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3.3.2 Drift Type Inference
cgze #3¥  FEDOTL  Drift  Type

Inference)> ¥ 25 7o &4 UoH &
=

ol W) d dolee] mel wAsol ahi

UIZE /Y& FET
- dloly =e=ZE: 1Y wge] £ W}
- EEEE QiY-EY 1 Al W

FE Ave B4 71 32 AAHez &
AT A Fa@ Aust A

3.3.3 Filtering Candidate Detector
S 1 ©%7] ¥ 7|(FCD: Filtering Candidate

Detector)= =3 48 dolge EAY F&

3.3.4 Drift Detector Recommender

CE|XE ©X7] F(DDR, Drift Detection
Recommender)= FCDollA ZEHE TH A
7IWEe] 45 Brkete] 2 TolA Aol 7t
d FE EYZE o] 7IYE ARt HFA
o7 FHIH B dAFdMe= Ae ARE
AUC, Accuracy, F1 score, Precision, Recall&
AREEFATE. 28y Detection  Delay, False

Alarm Rate 59 AXE F7F AH&3tAY dlo]
B A we} A9 7tEAE delste] Hb

& I~
iR i1=

3.3.5 Drift Detection Executor

g2 e €4 A37](DDE, Drift Detection
Executor)= DDRoO|A] F3Wke =X E g7
7S Additt, DDEE ML Al2~8S RUHEY
A EeZETL B oig ML A 2
B ATE F ole ML AREske] £ 7}

FRE AT,

E 4 D°MR TE2E

Table 4. DMR Pseudocode

Algorithm: D’MR Framework

Input:
input_data: operational dataset (current or incoming)
MD: set of meta data {MD./abel, ..., MD.normalization}
DDM_table: metadata of all drift detection methods and
their compatibility
Output:
R_detectors: recommended drift detectors
D_mode: the result of drift detection

Step 1: Automatic Feature Extraction
Features; <— has_labels(input_data,MD./abel)
Features, < extract_data_type(input_data, MD.data_type)
Featuress <— count_samples(input_data, MD.data_size)
Features, < estimate_dimension(input_data,
MD.dimensionality)
Features; <— can_define_distance(input_data,MD.distance)
Featuress < detect_normalization(input_data,
MD. normalization)

Step 2: Drift Type Inference
SelectedDriftType < get_drift_type(Features)
collect_ddml < &
for each method m in DDM_table do
if SelectedDriftType € m.compatible_drift_types
collect_ddml < collect_ddml U{m}
end if
end for

Step 3: Filtering Candidate Drift detector
collect_ddml < @
for each method m in DDM_table do
if Feature € m.compatible_drift_types
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collect_ddml < collect_ddm1 U{m} [23]. UCI WineHlo|HE Ax1¥ AFET E
dhor Rol A e B4l At BE $39)
ent or
collect_ddm2 < @ EfﬂJE 53 9] 7]_-—61 ] _ir_%;]gj\;}

for each method m in DDM_table do
if SelectedDriftType € m.compatible_drift_types

collect_ddm2 < collect_ddm2 U{m} 4.2 NS A}
end if = -
end for 421 OOIH §4 F=
candidate_detectors <« filtering_detectors(collect_ddml, CIFAR-10 9]_ UCI Wine Eﬂ o] E1 /9101] H _ﬁr %3}

colllect_ddm?2) _
tloly 542 i 5ef 2t
Step 4: Drift Detector Recommender
eval_performs < @

for each method m in candidate_detectors do ¥ 5. Hlolef §4: CIFAR-10 vs UCI Wine
m.perform < evaluate_performance(input_data, m) Table 5. Data Characteristics: CIFAR-10 UCI Wine
eval_performs <« eval_performs U {m.perform}
end for Data .
. L. CIFAR-10 |
R_detector < best_performance(eval_performs) Characteristics UCI Wine
Label Available labeled labeled
Step 5: Drift Detector Executor
D_mode < APPLY DETECTOR(nput_data, R_detector) Data Type | Unstructured | structured
/image /tabular
Return R_detector, D_mode Dataset Size large small
Dimensionality high low
Distance
4. Case Study Computability computable computable
Distribution Type | non-normal normal
H 2o A= s glole o] S AL A
2 goA= D2MR Zed9ae] fads 4 Inferred data/prior data/concept/
=317] Yol Ad dlo]E 9} o]n A dHolEAS Drift Type probabhility prior probability
Fgate] A7 ABH, arit arit
41 4o 43 422 ¥ EBZE EX 7Y
4.1.1 CIFAR—10 Dataset 1) CIFAR-10 Dataset
CIFAR-102 107} S0l 5Lk 759 o CIFAR-10 Hlo]EjMle Fefj~gte] Bx7} 3
n 2 7F Z3E dolEAle R g E o] 22l Asta AlZHd WElrb Fad =g ZE Q9lo]
CIFAR-10< 32x32 Z4d=7]¢] ¢k 60,0007H €] o}, glolele] WAl zho] (7255 W9lo] o] AR
RGB olnlAz 7450] ow Zex ¢ 8% 2 mea 71 oust 9% 495 128 7}
7} EAsI AZH 2B Wal 8% 2d guz g2es Ay A9l $AE 52 )
=E gelo] Hrh W 4 gtk 4 A oln)A) wE Held
7 olulA zhel fAEE AT wedaa Rl
4.1.2 UCI Wine Quality Dataset = A4S ol Bnosly] APd ghrE dHed 7)uk
UCI Wine Quality dlolEl= 98 315t 5 xms 988 4+ v old@ oy =459
a2 mE FA Gl Ud ARV 2 Jto R EYZE §¥& FEsk] HA st

o &= FAY 5o Fx3kE HolgAle|th B3z wsle] Wzkst FID, MMD, LPIPS 7% o]
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2) UCI Win Quality Dataset

UCI Wine Quality> ¢F 4808719 =3 11
Aol FAE =Y WEE 7AE XV} 19] o]
EjAllolth. ol wlo]HAle] tiFit w A= At

By2 nex ¢u g 9ol %75:_] A40710)

hl
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1) CIFAR-10 Dataset

AUCS F1-Score H7H%E AHE3te] 2t &
B 7IHES] doly B Mg 14 58S Ut
sFSith CIFAR-10 HIZ~EAl] thokst Ae] 1
35 A8t =Y ZES AlEdol A8tk L
d 33 FR EEE g9 7MEe] s Bt
g Atolth LPIPS7IM%= $-8 Hos w3l
o FID 7]®¥o] AUC/F1-Score 5% =& A

o[r

o7 HF ¥4 7IMoRE 4
LPIPS®} FID 71% BF A Apolr A4 &
OWHA §-8 ATS HolmE CIFAR-10 HA
EAMT} fAgE dlolH 5A4S zh= AA HlolH
A= F 7S Weste] J%Ei"%—o‘}f k|

2) UCI WIne Quality Dataset

UCI Wine dlo]E] o] 249 F1 7]
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