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Abstract: Learning from real-time data has been increasingly considered over the past decade. The change in data
distribution in online learning, known as concept drift, reduces the accuracy of learning models and makes them
ineffective in future predictions. This research aims to design and develop a novel ensemble incremental decision tree
algorithm that is capable of detecting concept drift and automatically adapting to changes in data distribution. To achieve
this goal, a new architecture of ensemble incremental decision tree is presented that uses an adaptive probabilistic
sampling strategy to continuously monitor the pattern of data changes and automatically and in real time performs
structural updates in the decision tree. Unlike traditional methods that respond reactively to changes, this approach has
an active monitoring mechanism that enables early detection of concept drift by tracking changes in the model error
function. In this way, the proposed model is able to maintain high accuracy even in streaming data scenarios with irregular
changes. Extensive experiments were conducted on the dataset and the results show that the proposed method performs
better than existing methods in several evaluation criteria including accuracy, recall, and precision.
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Extended Abstract

1- Introduction

The rise of real-time data streams in various domains such
as finance, healthcare, cybersecurity, and e-commerce has
emphasized the importance of adaptive machine learning
models. Traditional models, which rely on stationary data
distributions, are often inadequate in these settings due to
concept drift — a phenomenon where the statistical
properties of the target variable change over time. This
drift can be sudden, gradual, recurring, or incremental and
severely impacts the predictive performance of static
models. Existing methods often rely on reactive strategies
that adapt only after detecting a significant loss in
performance, which may not be optimal in high-speed or
highly dynamic data environments.To address these
challenges, this paper proposes a novel ensemble-based
incremental decision tree architecture designed for both
concept drift detection and real-time adaptation. The
model enhances traditional Hoeffding Trees by integrating
multithreaded learning, adaptive sampling, and active drift
monitoring. It aims to maintain high accuracy and
robustness while processing data streams with evolving
patterns and limited storage capacity.

2- Methodology

The proposed algorithm is structured into five integrated
phases, aiming to provide accurate, adaptive, and efficient
learning in streaming environments. In the first phase,
multithreaded learning is implemented using an ensemble
of incremental Hoeffding Trees (HTs), where each thread
processes data independently to achieve low-latency
updates. The second phase focuses on managing leaf nodes
and their counters, which track feature-value-label
statistics. These counters enable real-time decision-
making, and structural updates are triggered when
localized error deviations are detected.The third phase
introduces ensemble consensus and adaptive probabilistic
sampling. Final predictions are obtained through majority
voting across trees, with each tree trained on different data
subsets selected via a dynamic sampling strategy. This
promotes diversity among models and enhances
generalization. The fourth phase incorporates a hybrid
concept drift adaptation mechanism, combining proactive
monitoring of error trends with reactive structural
adjustments. Subtrees exhibiting performance degradation
are retrained or replaced automatically to restore
accuracy.The fifth phase implements a sliding sample
buffer that stores recent data points for efficient reuse. This

buffer allows rapid retraining of affected submodels when
drift occurs, improving recovery speed without
overloading memory resources. Altogether, the five-phase
methodology offers a robust, scalable framework capable
of maintaining high predictive performance and real-time
adaptability in dynamic data stream environments.

3- Results and discussion

The proposed ensemble-based incremental decision tree
model was evaluated on widely used benchmark data
stream datasets, including SEA, Hyperplane, Electricity,
and CovType. These datasets cover various types of
concept drift scenarios such as sudden, gradual, and
recurring drifts. The model consistently outperformed
baseline methods like HAT, FIMT-DD, and ARF-Reg
across key metrics including classification accuracy,
precision, recall, and drift adaptation latency. The results
showed that the proposed approach maintains high
predictive performance even as data distributions evolve
over time. The multithreaded implementation contributed
significantly to runtime efficiency, reducing sample
processing time by 30-50% compared to single-threaded
models. Adaptive probabilistic sampling improved data
diversity within the ensemble, enhancing generalization
and robustness. Ensemble majority voting also proved
effective in mitigating the impact of noise and irrelevant
features, delivering stable predictions under challenging
stream conditions. Another key advantage was the sample
buffer mechanism, which facilitated quick retraining of
underperforming trees without requiring full model resets.
This enabled faster recovery from concept drift and
maintained model responsiveness in  real-time
applications. Overall, the results confirm that the
integration of parallel learning, adaptive sampling, and
drift-aware model updates provides a scalable and resilient
solution for data stream classification in dynamic
environments

4- Conclusion

This paper proposed an adaptive, ensemble-based
incremental decision tree model for effective concept drift
detection and adaptation in data streams. The integration
of multithreaded learning, adaptive sampling, and buffer-
driven retraining led to improved accuracy, fast response
to drift, and efficient resource usage. The model proved
suitable for real-time, evolving environments such as fraud
detection and sensor networks. Future extensions may
explore hybrid models and broader data types.

58

A 3
JCDSA, Vol. 3, No. 2, S 2025 -\
(o] [o] ummer - \j



:

:/\,,_ Islamic Azad University , Shiraz Branch

\/ \ f’ [aubh,hwim&jmdﬁasqﬁg
=

Journal of Circuits, Data and Systems Analysis
L 500 Bldail 9 (lwlivh (Gl ys Jioubigd 9 (3295 RIS 9 )l

@ sanad.iau.irfjournal/jedsa

A1 381 (5 a5 @r0uad i )3 jl o dliinal by oSS Ylya ) egide Ll
e She 431, L1 oo Tl s T8 8 ol 25 gl ol

Hadi. Tarazodar@iau.ac.ir) |l iz guls oMol o131 olKiils czgusls a>lg ¢ Farals cwdige 09,5 -)

(Ka.bagherifard@iau.ac.ir) o) ! ¢z gl ¢ oMol o137 olKiils gz guuls Ay ¢ Fgnals cwsdipo 09,5 =¥

(Sa.nejatian@iau.ac.ir) o pl gl ( oMol 3131 olEKils zguls Al 3y (swoigs 05,5 -Y

Parvin@iaut.ac.ir) o)l ul ¢ oo obT,5 o codlol o3 sl8isls ¢ gmoo oL ,g5 9lg ¢ 3 guralS  cwdigo 09,5 -F
Malekhoseini.r@iau.ac.ir) |l iz gl oMl 13T o8l izl 3>l ¢ )igrals cwiige 09,5 -0

aS T (6 S0l j0 Laools w0355 )0 yutd ol a8 )5 118 ax453 590 (sloaiul;d jgb 4 aLidS ams I 5,00 slosls 5l 5 ,.Sol toduSs
b Basly Goio () 9 s oanl sla st i 55 LOT sl U 5 5 250k slaae c8s (mals el 058 oo s liss pogie (13, el
Olyeeis b 055 Blbail 5 sospie (23) lobid 4 ;008 a5 sl onl &l (ngi (29,5 (SRl (6 S peeal 30  )sNl Sy dngs
Sl SG s Fo e b a5 Canl oud )] (o295 (LAl B (6 1S el S350 iz (5ilene Ko Baa al 4 S (sl 0Bl Wmosls @ o3
055 ysb ) preal £ )0 50 g Sl laglujg )4 5 03,5 by polae O jgods 1) aosls Ol ot (981 (el Jlasl ()5 g
545l e 5 ol Sy (s cimd e gy Slparis STy &S iies (glasbs, SIS 5 0K, ol AmS s plasl S5, 4
5o Sl B goleiing Jue iead Sinla WS oo w08 1) (senpie () plieng) (plulid (Bl (Joe glas &l Ol ss 6250, Gk
OLas gls g ab plonil laoslsdcgae (55, Sloo S slagialej] a8 i 1) (VL &8s 3 planels Dlpis b Sl > slaosls (slagy )l

.o)la Sg>g0 ‘_gL(buus)d.’wu‘_gja.Q,J o)ﬁﬁsijw ‘s,dbd.Lo?)‘ ‘S’L\))‘)L.!.a (R o <_§‘>L€(‘-“‘-‘-’ 0“5)45')&‘)(5‘

DOI: 00.00000/0000
VE-E/ 5P allie by dools

30 AT S Sy gy ol b slanils T 6 pSol wlolass
slcs ) dex 1 sy n e Gge)S) ladoe ojs>
2 odle wiloge (Bb i) Gt b Jae slacs o g (g S
e 50 1) (Ot s diz slaJus g 0l8 (G350t (025 S il
o LA play i31s 5 (gl el 08 )5 sy prools slap)l >
5 3l g (cegie M) (asiis lp woa 950y, Sl g
Sl 2l g )l praal <30 w2 eSSy eols sl >
O3S ) S5 (6 153k sl P ek 4 e ysS al oS (o0
i a8 sl o b Ly 03l slagl iz 5l Joe slacs o 5
g oo (attive Sgazeli (gloosls 3955 iy 9 YU Cas oo b aosls
@lagss, i ol &5 a8 o (Byme |y o5 S paie (naiz Lo S0,
S (oo polee S92
el atigd pogie il Jlb ansts o Lo yls gl S
Ol (oS Tly il 2l st Slalidl 4 Bro sl slra

=
\//\f’ V¥ o F oyl — 093 8, lows —o9m Jhus — B diloluw 5 1 8313 (b yluso Jods &y i == 39

VEE/-F/Y - iallie b pdy o)l

o093 ke g5
VE-E/-E/VA adlis Jlw)l &b

Aoddo - )

b FaelS pole e sloasli 5 (S Gleed (etile 6550k
o 5 0 5 cunl 00,5 a4y, | &5)‘5"*”’ e >l sl Jle
e (6 S el (sldilolus U odyoy Sl asis ) sousio
(omile (650l 039>y [V] Cewl w83 108 oolatwls jge ool
Sloas b FIX oY Gan i eess @ly 5 sbas oo
Wb o 48,5 (5 0 LS Cud g 90l sleesls moje ¢ JToy
S s olej Jsbo 5o i cal oedly slodane 53 U
IY] 0gis oo bl pogie il olgie Cod ongay () 45 04 o
e ol 5 oS Bpme Joo Bl S 5 pade i,
2 s M ol [Y] Sasdle o 2 i slopiz,sS

Jstens s0iugs *



mailto:Hadi.Tarazodar@iau.ac.ir
mailto:Ka.bagherifard@iau.ac.ir
mailto:Sa.nejatian@iau.ac.ir
mailto:Parvin@iaut.ac.ir
mailto:Malekhoseini.r@iau.ac.ir

oy o3l S 3l Gy o5 Sl 1T ATl pshe G,
»# shad slagsll asle s S ail 03 (LS Cendy
b glaosls
2 Py ol ola a5 Sl s T Lal¥l psehe )
igd_oo ool )3 gz i B slacslis 4z Sasail
A Canloads 2l Bodal peeal o0 sl golpiion Jow
azlye o 1) 295 LSle Gluyjo,m g porie I, lolid ool
s |y s 55 S Sl psbar 3l (glesls Sl b
12,5 Ol p) Oypets 2P @y 5l Slegee &jg0n
f&) =ZL IX € RS )
0d50 )91 polia [} 16 xS el (g sonmopLii R, ol s
oily E985 Dygo jo el oy o T Sla M g 4l o g0
ape gl 0,8 wnles i ) polie b g {Ry} acgaze pspdo
gl sn iyl p O)gody Oyt Gl o poe Sl
LY=L (v f D) +2ZL Q@ (R)
ol oS
ool oz Slaypo 0l asbe (b B (Y. D) @
iy il Soon L Q(R) @
el oo e oS Ju8 554 @
Ol jt (s () odazmn sz al b ablie ol
2 &8 Oyl pslis (pl 0sb 00 0l (559,50 5 2518 0 05, S
S S A Gl el 60955 laesls slagl >
2gdsn Pl st (it Jol Culaa b oo sazme (gl IS
oS S o g | b glraly ol slulis Glise glacSuSs
aliwl zglaw L sl (pols )8 oo )LS 5 s 25 3ds (2bs, Jols
) oads Cpmnd ailin] G a8 Uas 75 SOl 00y 25 i |
Jos aasl glaools w395 5l moly JUSom Sy plyieds WS o (AR
S oo 0 )il Gelalinly Geda @ ) Joe 9 05 o0
Gy WSy lsrear besls Gl ane 5o g pdyilikl
3 )l parde il AalS g (330 ansas 4 Lo a5 WS (oo ogle
oxge p |y Atz p A (andls SSS pgtde (1) Sy ke 059>
ools stz L) (edle (6,5 0k sloJowe o0ily likail 5,25 oo
et sln o @l 5o O cosl aiS (e Jted S5 S 50
Joe adats wlf @ aml o g Ceslosls Gl 5o oulel Sl
1) oo edal aeilSio Dl (nl e bl 5l Gy 038 (o0 S5
5 ilizte slod Sog; wosls b > pogdia Sl g0l 5o 08 e LT
Gl slaty, alezr Sl el @S 18 ) 050 Sl
sl 5l Fn [N 055 5 039 5 (e 02y 2 (e
Gkl (oot NI S e ln ]y (orae 40D o LSl o
Geoe Jo Jb 0 3l (oras glaaSid il s s
(NADINE) L, axil LolS5 s b5 L aSits VY] (DEVFNN)

3Recurring Drift
“Incremental Drift

CeokeS poloe job 4y Lo oS oo Slpiing o (515l G (oo
Js75 o, L) peeal <3 )0 0 alila glacs o 55 9 Ses
2 Olss plinsg; (anseis Gl cpl eS co @yl LT glas
5l o gBsats o)l el 5 0iS e oald | bl Bas g
5 Lo el ogtie il meis ) lE L L 09 e e
S50k anl b og sl 1) (Jleil ooschy a5 (g S diged (535 !
sals slapl > 5l aije Sledbl (235 0 1) ()T 5 oS o0 (Byne
ol 1) aidpin 093 (2, S0 b cnl popdle ouiS o Sl )5
S m b e slaosls slags jo5 003l S pae 4 0B &S (1S oo
S5 5 il Gk )l Ly ool slagler sl G
PSS e el ] 955 iy s 8 ke L el
Joe ojlail ccomo iaod jlitel (cm i 80 il ol Ll L
s 4 b 5 cnl plowil o o oo (LA st (antets lacuLB
Gl sgzge Dl sleoanSganailb sy i, o) S
2 estde B S8 e b i ablie b aSl oS o
S5 JalSS b 50 aine; 50 (2B ot 03lo slagl >
o ile

p9d it il ool aailejle pj gyt 4 dlis Gl 4k
ooty Ghg) pam i e oo Al s e sla ST 5 ae s A
Jis 4 g wes e wlil 1) )l @l Yoz (Ao oo e medsi )
Alae oty G «Culyd j0 050 o0 &l bl aslie 5 Cou
g @) ST Sligdos gl lbdsoy § (6 pSdons

b o 5,5 g doy iy =Y

50235 P(Y]X) ools oy a595 45 amo o &5 (Sloj pogie (23
Jos 055 adsl CBo L wilgl [0 (5 nion Jow a5 (5 9bay S
slaib codis jass ()l laptam jo dlius ool [F] a5
OSeon patde i) ol 201 e s sleosex 5l sske 5 Jle
Pt S A [F I NERY S O
rol dlis 0] wilb oo b Jas Geeai sl |y (ool lacs Tyl
Uls a5 031 oo (Sl el S0 (e (69,505, 4l 4
e )0 Ly sladame )3 1) pogie () Gl 5 lulid
osle Laseid gwyoa ol glgl il col o3V (pagae iily Co pow
I A ez pade il [£5 0] andS Sllas bl p.0ed
95 e
@35 5 o litie né 5 SSL Dl S psphe il )
09 g0 Sl L alolddy L8 Jus a5 (5 sbay doosls
P (Y|X) = P \(Y|X. Py e (Y |X) # P (Y]|X) M)

osls E59 O dwgm g ?‘)] Ol gt :Yﬁ.)..\.? PYYEV u’l;j‘) Y

2,10 Jae (2,05 Gl yjg,4 4 5L oS
P (Y|X) = Prye(Y]X) Ve- )

'Sudden Drift
2Gradual Drift

5, = \f~fQMU—,a,:a)lo,.l’:—,ay.:Jw—h&bwsho:!:suju‘},bﬁqrﬁ\‘/;\/\'f-



OSed g )093l [ ololid glp iadign 9 (pgh (295wl S

CD-BTMSE ,tsLo .2l [Y+] T(CD-BTMSE) 5,5 (5 550, 5
@l o 5l G M o Gl ) celie aly oS0l i
estde Gl (At gladse s plSoctul g Giand s
S Joe 5l eizmen S (e DLl (298 6550l 2 (e
oasiis 8o s sl (BITCN) atgzgs (Bse Jidglgls
Sy Sl Ty 5 ey 3l st il S e sslarl
oled ;o . aseis auld o a8 bbgs wlidlias uizen g oools
OBy paraS (mly S8 ISie o (sl 09,5 650k e 5l eple
Ciond s U155 5 VU s oasd slbs 55 51 (AL asio
9 hosl S e ooliinl 35290 (295 S0l (e Loy,
Gyl jleslaiul b el 0,8 - wa 0,505, S [VV] o), Sen
ools wyaz pagie Gadai oUles 45" wio S slyaiy (SETL) Jli!
CoS) Sl b oy JEl 550k 58 ,Sag, cnl oyl T,
aile (Llass » izren 035 (o0 ooliinl glie (g5ludinte 1y (539
xSl anls Jobo 5 el (Koo 8 Bl 5 oite
G0l oo 5 [YY] LS 5 5 S o i s &, Jal
2 e A9l b odd (830359 (895 50k el 4w (85
S IWE-TWD s i, olgiiey, (IWE-TWD) ailras epans
Sl s pagianl (i) Cupse ln ade g e 31l SO
Loy Oyg0d JBo anaiss 09 oo ooliiul 4l glaoss . Foly
s jlase Gy odgama 3,508 ol 1, Kz gl
Sl b aiS o i alilate 1595 LI aSl (eSS sl ailzrans
E5 D9bon (P30)9 allate @j8 S Jliol b diged g 095 o

D9 g0 (et Auilrdns el b 55 b sloess pi Sl

Syadle o )0 aiy 591 - -

Gl S cwl pble (6,50l 0,55, So Sadle s o iy, oS!
Sl oy >l ools b s 4o pueal LS 0 w5 csle
4 5L AT paws e puenal CS 50 Slael sl S [YYLYELYO]
Snadls w0 w8l wils ools dcgeme S5l Alfais jeue
TN 5 &S oo 0310 SIS (P 5 O jgods | sl (sladiges
Sojte Sy 5l lre ol A e Gpslaen | el 20 Sl Lo
3050 3)lse Hlade JBlos i (gl Suadle S b 4y (gLl
S50 )0 0,8 Sy e pl slezel LB (6 S a2
L1 s e 8 i el 531l (ol [YY] 5 e ol
gyl sl ohasnr |y o g oS (o el 0l 365 )0 D i
coslie Wigd oo ateive Vb px b g dlwgy sloosls 399 L a5
(Sbyz sl osls Co o 4y by e s [0 B 0 [YO] wiS s
Sdle B0 4 w9 o0 a2 lge (2al8 sla o sl eolgils L Lo
kol G350 w,ssl canl eobi!l glaiusj canled g 4

4 Concept Drift detection based on Bidirectional Temporal
convolutional network and Multi-Stacking Ensemble
3 Bidirectional Temporal Convolutional Network

=
\//\f’ V¥ F oyl — 05 8, lowd o9 Jlur — B dilobw 5 1 8315 (l jluto Julodi g puiii == 5

MUSE-RNN) a,Yoiz  JolSS 055 228 5L (cmac a5l o ([VY]
@ @iy Sl iamas p (e b3 Sag) cal S VY]
2 odle el 0ad (AL el 223 6550k ol Pl 5k
wlad (b Slalxe (Sowzmn @ 550y Gln 2
ders Ol cod plhebde ple S5 Al wlbe
el 5l eolanw! L WeScatterNet [10] (WeScatterNet)
Pz slaaisad oo oLl (T eyl sadajs (Sl
Capde i job arl) Sy (lde jo 0ols Glapl 2 v 5 oSy,
03ld (sladiged il Goyb 5l ol cnl (Jlcnll S o
» e Lo by, S50 aibige Cams & Sz cmzp b
Lol (S Iz 5 slaosls

«(sdde) s Ll Liily sanis 0,5 V8] o) Kan 5 Slowsyge8
Ol S oo Sty |y (oo () At lp o gy S
by gladls e il bl g il sleeslail Sl
Ll 45 drosins jauiis jl glaegarme Lawgi 45 WS o oolicl
el i e 55505 ol sl Shy Bolas sl » o
bz sln ((GDDM) (25,5 Jil; aeeis gy S gl
3oy el ad (Byme [WV] lSen 5 50 o sawie ools sla
s S & lesls (lyr So sl 25 n (se (M) pasiS b,
©99y9 seiie w0ols 093 (sl s 5 Jlielgieds sl o
2555 000l |y by Shg wlide g olass jo &glas b sl GDDM
0 psiosiz- GDDM o (659,5 (5l yusiin a5 Cewl () gl o Boe yo
a3 )3 b o lejes |y ools slapl > des sl 55 55 aaus
Glgl > cwlol @5 (28,Sen0l (6l il 2 opdle caul ons
P JEP FRRVCS ] DS B Y L SR N - PCSI COMION- PR
5 5 Lawgs 2CPSSDS b 4 J)ls des 092 ylz ol 008
Oyt ial¥l gonail o 5l a5 al Be [VA] o Sen
S9eaS Ay (S Sl 03 zTok 255 oz lr o g k0w 2SOl
= 39,5 5alsS Ggeil S e edlitl o0k (g ISz slodisgas
ot Gz, amlie b prbe (i) (anteis gl S el
el 00l 3l ool slaass 1 dllis g0 (gl poeade
ol 5 lskeals Lawgs ((OSFDSN) (3] Jlgte Gaas 5 @
) (FDSN) oy Bras iy &S0 (b9, ol 0 0 (Byxe [14]
a5 55 (SLEN) aYSS )55 iy (srae sloaSed 5l (0095 Olgeay
ool SLEN (s s (o295 e (295 o] j0 o5 a8
S Lol il FDSN alics (OSFDSN) 561 Jlgze FDSN

Al FLOW rnlj:\gé‘:\;‘_.,.,gﬁ s 00D Q)Uéj u;)b'l ui':j);i:

iyl )lo aSes (29,5 10 (559 e o SLEN slaJgile 5|
50 gy - Ngd oo dumlma laodls o Fagaz ull 5 g Lgy & jg0n

a2 gd Sloy JLbalgls A ihen gogtihe Sy pardS Ja

! group drift detection method

2 Conformal prediction for semi-supervised classification on data
streams

3 Online Sequential Fast Deep Stacked Network




51 ooliiul oS o gez 4 LS Jow S5 o 1y Ll ojlasl yles 4
[¥#] ADWIN , [Ya] EWMA) ol S35 S e x5ka
S sl @lagtsy dlex 3l Gl sleoswas anis plgrsa
sl L ADWIN cwl Soudles co o 4 ohgel 8 pucdlSe
Sl 6950 S5 ol 4 pledl (Jeplh s oo Lis CVFDT
F Sl (639)9 Aged 2 (sl Al Oloj (eSSl e (Slewlore
S &S ol alidl> Laas g Slawlre LIS o axdlas S )
L;L{bp.:g‘)}i” ol U’JLP slrosls J...L?u 039> 3O e Sl
Joe oy Glag )sfl 5 Snadle 5 Sl g yS, CS)0
FRCTC RN VP NIRRT
Jsol paSSl Lo ol cpl ailosls las |y aiwgn ools slag)ly >
S o oolawl Kpadle o ST ulw! 5 Jleisl la ez 1 aaials
FIRT-DD FIMT jl o5 )le aws oyl 10 az g5 8 oo 1631 i
1,95 S FIMT s (3,20 [¥2 5] 0 oS aizs FIMT-DD
Sldhs Joe glacs o cole @lp o b a S cal (]
Slowouas Lg)L,aT Sl 5l g canl oo u"‘)‘b ol ool LSL“Qli)-?
Sliabl G5z gl 5l ooliial oy | e A
<55 L |, FIMT FIMT-DD (adbarws aseuns &S oo Jool>
L e gloosls sbocyb > b gldail gl s aoid glac Ll
aS FIMT-DD 520 o (]38l ¢ Sloj Ol pmis 350 ololils g oylog
Sl Glp Sl gz SO plasa il Snadle ST ulul
glocsl ol 3wl (SO BB oS oo Jos digo) opl jo ol pplas
oads Bl zlucwl lo gy 4 and Ly FIMT-DD o 8l
L)l Kpadle jo ady ) a5 preal 3,0 (6,500 sl )6l )0
ol diagd WAl lagje anslie B,k 3l Jlaix! glagyedd
> sloJoe Laulidl zlacil Jols pgs oS wolay o5 J> o
sles o [YV] FIMT-DD) oiol58l § aopw Jow olis o

FIMT- o wjle oo Spudle L5 50 aline 1) caoli8l g )3
ools a5 o, 5l 1, S s Lol 0 oo £9,8 JB 5,0 L DD
ool o Ty aS g sbar )loge a5 g 050 4 (s, U
o b Spadle oS L PBlas as) on e 99 ST 9 Nad (gamas,
aile FIMT-DD .aigds oo s Sy [ ¥] asisl aisls gl
L1y GU 5 (pmpte G, et el s i3 oo
owbyly Sl Q] a5 Co o sasly ) sloyes sase pudais
O, Slas 3gue (S9timz ;3 020 oo plouil (gl oo cdnlin 295 LB
Sl cnl @ly 9,509, Se el s ,S ) GBS0 00S i
A e S o], &80 uaizr (85,5 anaiib sl oe alie oS

0,559, <SG S g0 (b S |y penal S350 (g9laie Jgol Siaidls
TSl 5 e i) e bl o Sl i szl
Sy en BT (5,8 cpl 0 Suudla cijo i, SIS Codgame
S i lee Bl s g ol Jsbo 9 Laesls i o
ol b ablie sl mipdise 4z e oI b oe sloo )5 0 o jiny
(65 s 553 b 438y 8 55 S, s o L
el S350 LSl 0 olee S Hlulid gl coli ojlasl b oyoy
@ ks sl (Sow g slis (aging) SuS Jb j0 a5 cal
e LU ol so 0l 1) o oSl by sl asdls gluygs 4
V8] 05 Gulaie Wools ay 505
5 oyiile (6,500 4o sleo IS HAT 4 J48 dioe o565 g0
@le (g9 388 (o0 ol g T ) 5 o alb o)l sl
HAT) Soudle doday o0 ((blie ;0 020 0 &)1, 29,5
csostie Gl b gadal ool slaglyz jo dalidl 6 Sob yo
o 31 5,0k 5o 5 s mdymlie il 1S 51 el
Glaiws glaosls L J48 aSll> 1o o)l Laass Suadle oS
LQ)‘)‘ J}.?U JL> BEE) L}: 6‘06‘6 Lgub‘]a.:.m B HAT el WLA.A
Lvsl s jls (Siws (ol (6 5ol Slel 3l g laosls 4 T Sl g ool
a5 wilos,S Byme ) ENHAT Cgxl> [YV] oIS 5 S s
JA8 ol aiey oyl 1o 0S8 oo oS 5 1y HAT 4 J48 sl 565
0 Ch roual S350 40 diy g9 00 (g lwosly 5L aie gl jo a8
] 00l AL Coronny 0 Wools (gaindids (0 095 O jlpe Jdo @
& a5 WS oo peetmo |y Badal o0 o, oS SO HAT ( blas o
el Al 0o 0 ) Shadle e s, Jeel ks
pleal ool by yo Ol s axid Jugwd gl 5 |, ADWIN
oS 3 Sl eolanl b Snudles co o wi Sl aiS
Sly p3Y hjeel Gladiges 5L 0,50 o5l ped (gl Suuidle
101y 655 o LS codiiiy 15 e 5l Lol (slaailinl 4 s
Jolss 29,5 SiST 0iS 0 W] proal 5 j0 Cle (gluaigs
S 9 it 0ols (sladegeze (g5, 2 daxte sla s (Bjgel
o, las b sloJoo 5l (oS 35 b o, Shes o i b Jow Sl eolasul
oolaiwl b )lgs so 1y degazee ;o Jow yo oS col [S3 LLs .l 5y
2955 3,509y el plgie 49,5 sbml Sglite w68 S
gy o ,SIYAL jo a8 jshailan (i o 0ol SVM o G 5
Iy R9yS S5 g0 ol oo aizlils WEAP-T ob oy a5 (6,50
Iy 60,8 gan aanb sl Jow a5 (WE) 555 09,5 1005 o0 oS 5
S obml gl Jow (39 5l g S oo adg alizes glaosls gl 4SS
S (AP) Jliz! Sl a8 o colatnl axly i Jowe
B3 o yoigal 00ld 4SS 1 asax ,0 | saaie slosisS sonail

sy — \f~fQMU—,a,:a)lo,.l’:—,ay.:Jw—h&bwsho:!:suju‘},bﬁqrﬁ\‘/;\/\'f-



OSed g )093l [ ololid glp iadign 9 (pgh (295wl S

elols 1) asl aals wl ools e 0,8 S A alls
Slailole b Shg ol wiles,S
Oy Oy o lmosls (mj05 hilon 4 50 Wb o6 )
S99 Slaosld &y Wlgty @y 5 Fhe j5b 4 4S5 5bey Bl
o las STy wpos
Joe IS s3losl @ 5ls e 5 mun pob 4wl Jae Y
L agzlg0 50 ohsds (Shg cpl &5 wS oS 5 1) aas oledlbl
R 6)5)-*" ool ‘f}QAA L;Lbu"'") 9 &_)‘}au..’.}
Slg Joe b asl asls oYU o Ked o b o ,6501 T
098 Gulaie Waosls x99 ;o Dl pesi b s yuay
G0 BBl dgaze Wb (539,5 diges o slp ilon b -
Al 3y dyaz 03l o sl B (g 5 S0
5 <ol Wb (abadl> g CPU) gl Brae (Jlowyl cll> 0.0
Sigonl a5 wiley 8L oas ils  sladiges slows 5l o
S oo e |y et esl 2D 5 i lide
osls a565 ;0 Ol e b Bldail g (awseid 4 o8 wul o )61
50 polae job a4y Wosls ay5e8 jo Ol a5 Sloj o5ugds il
6);(“-:-"*“ Lgl.‘bu})b" » ‘SM LQQLQ,MMJ U"’5) lio u;‘ )
Glp easaslis sla sy, 51 (o bes s cpl cwl " il
0594 siali8l (6 S peeal slacs jo aiiis ool > b5ls 5
sloasS sonaal Egomo KV PR RVON IR SLQM.)SQ‘ &l
)‘ L;,Sob o ‘S.al.)) ul.u L;‘)’ -‘-‘9-’<_<° oolaiwl 6;]0
b by (22, sladoe 5l Olgiee (sogtin (B L odls slagl =
50 20,5 eolatwl (6,80l slaJuw o, Sles g ool myje8 il pois
odel e alizee sli>! ol sl oo, Lulg,y 5 Lo ge s calsl
T Jold ools ol 5l T3k ln solein by, Sl

Sl o5 UL (B i gloal S0l ) U -)-T

Lgy ools sbd (4L >
S aalls 6550k lp (HT) Sasdla oo 0 cosii 4 jidu !
GrSpaas 23,0 S HT ols plais! Ly ools slagl >
Bl b 335 5 g Gl sl o] (Ul o & 5 ol (o3
Sl Hlgwl oyl ol W HT Lol pgpine cosl onls aizlils osls o
S S Lneols Sl 3ol 5 <S58 amgarma sy Ko Jelo 5 a0 o
DS 3550 50 AlalET (g 1S paana gl el cigd o ools yli
6 o)l Ky Suudle Ll 4 pgghe ol el 5 Jos
S5 o ouline diged (puSilee 45T WS o w0l ,8 1) Jleim! e
(el b a4l ol Jleaxl b Qi By el 4 SGo5 e

3 Adaptive random forest

=
\//\f’ V¥ F oyl — 05 8, lowd — om0 Jlur — B dilobuw 5 1 8313l yluto S dy pui == 5 Y

olai Sz 6loog STYT] (s 5 udgosisSul [YY] couos
5l as 60,5 slgiw |, (OBag) online bagging 4 '(ORF) ;]
ooll  amS e solizul 4l ew,Sal olsiea, FIMT-DD
ORTO-A 45 wiouw, a5 (pl 4 GBoiw s 025 sla ol
5 OBag jl s 9,8Les (65 (eSilo b 53T 438 slacs ;)
[VF] o) 5 3055 0,10 (MSE) Uas il yo Kkee ,La5 5l ORF
oS 23S sl |, 2(ARF-Reg) il Solas Sz (o 5
ARF-Reg [¥Y] sl JARF ools )b > oansS ganails bl
shol @alss wjlu o0 ORF (lgicay |, FIMT-DD s o 5l IS
w5 5| wiges S 51 ARF-Reg oS sl ol 06501 93 58 o
oolaiwl cagpie sl il, Lawis glp o0 e 0 ADWIN
5 9SS ol b Gn pbcels S ge S
WJlaglyiedr )15 0929 5 (oot Slaglis )l 3925 (y9em S
9 o0 liial 95 B 5 Wi oo S 5 b i 455

G5l 30 Slapty 5Nl gz OB s [TO] 0
S50 6ok yo ol Glacd iy g b il (b > seosls gl
5 & lr lr a8 GLSESS (RlE 6 S
Sy bz sl )il aslis 5 peaal lacs o Sl is s
Y] o il asloy beols b,> slalae j0 (6508 paouas
loosls (3lo (sl (ol Bl el GBS 50 oy p 4 G Mg
2 Slopg S G Gl Sy WhieS,n bz
Loosls by glalase lp a5 (6 S preal S0 oy, o
[YV] oL en 5 590,10 ciloass >yl pstin sl Shg g 0L pox>
Ly #ls loy 5o )5k (S peeal &350 slapi )55l a5 slallie
o s (ol S o pne 5 o 3 sloosls ol
e SlalS 3 (6) 5 3l 5 Laosls @595 )3 Dl s (plulid sl 1,
OB M gi o oo A1) L glaosls jo g g & g Dl b
ol Al s Suadle (1S asle alae oSl 5l eolial
&3y Oley o ladae (Slojiss lr sz slagts, (sosnie
ks Snadle e 58 Joo S IYAL 1)Ko 5 9d oS o (8500
x|y AHT-DERE) oo 5,51 5 (Lol 9,51 52 (s
30 SFll S o cal is)S sty s I, At
2 e ol pasis gy o (oS oo LT slal> 5
e i35 s by webh ) S (@ 955

Ol o9, -

5ol apie 5 olilid & Alie Gl 8 soliin s,
Slagb o ol Coles 2 g bgy anl,8 G aS 0510 1 o 00lo slagyl =
yob 4 aS s oo a3l HLL o O jgod | bdiged plae sk 4 osls
G Sy il laioe ool co b nS Sgumel jeb 4 ogdlly

! Online Random Forest
2 Adaptive random forest-Regression




Algorithm 1: Phase 1 - Low Latency Multithreaded Consensus
Learning

Input:
DataStream: Input data stream
Hoeffding Trees: List of incremental Hoeffding Trees
Number of Threads: N

Output:

Final Prediction: Consensus prediction
Initialize N worker threads

For each worker thread i from 1 to N do:
Create a sample buffer ;
End For
while DataStream is not empty do:
For each worker thread i from 1 to N do:
Read next data sample Data; from DataStream
Add Data; to sample buffer ;
End For
End while
For each Hoeffding Tree Learner; in Hoeffding Trees do:
Train Learner j asynchronously on sample buffer ;
End For
Wait for all threads to finish training

Initialize Predictions array Predictions ; for each Learner ;

For each Learner j in Hoeffding Trees do:
Predictions ; = Predict(Learner ; , Data; ) for each Data; in
on sample buffer ;

End For
FinalPrediction = CombinePredictions (Predictions ; ,
Predictions , . Predictions 1)

Output  FinalPrediction

End Algorith
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Algorithm2: Phase 2 - Leaves and Counters

Input:

L: Total number of labels

N Total number of attributes

Vo : Total number of possible attribute values
Output:

Leaf Counters: Counters for each label, attribute,
and attribute value

Total Attribute Counts: Total counts of attributes for
each label

Initialize Leaf Counters and Total Attribute Counts arrays

For each label j from 0 to L-1 do:
For each attribute i from 0 to N-1 do:
For cach attribute value k from 0 to Vo-1 do:
Leaf Counters [j][i][k]=0  // Initialize counters to
Zero

For each label j from 0 to L-1 do:
For each attribute i from 0 to N-1 do:
For each data sample D in the dataset do:
If D.Lable[i] ==j then:
Total Attribute Counts [j] [i] +=1

For each attribute value K from 0 to Vo-1 do:
If D.attributes [i] ==k then:

Leaf Counters [j] [i] [k] +=1
End Algorithm
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Algorithm 3: Phase 3- Incremental Regression Tree Weighted
Majority Vote System
Input: Initialize all weights wi=1 .
Output: A final predictive decision.
For each round:

Given a set of predictions w,,W ,,...,w , by experts.

Calculate a new prediction P; using multiple incremental
regression trees (1.w).
Update the history of predictions.

Penalize each mistake made by an expert as follows:
w; < (1—¢)w
End
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Algorithm 4: Multiple Incremental Regression Tree (i , W )
Input: i is the index of a committee member, /¥ is a committee of
members.

Output: A probability for the confidence weight of the i -th
member.

1. For each prediction of the committee with data p :
Compute the Mahalanobis distance D, from pto the
center C, of the data distribution using the following
equation:
D, =\(p-CY X' (p-C)
Where, D.

i

is the Mahalanobis distance for member i ,
pis the data point for which the distance is being
calculated,C, is the center of the data distribution for

member i , X' isthe inverse of the covariance matrix for

i

member i .

Calculate the inverse Mahalanobis distance /4, for member
i:
h; =1/D,
2. Compute the posterior distribution of the weight p[R |4,] for

member i . This can be done using a probability distribution function
appropriate for your specific application.
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3 Mahalanobis distance
4 Covariance
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Algorithm 5: Phase 4- Multi-threaded Ensemble Learning
Input:

N: Number of threads

Ensemble: List of L learners

DataStream: Input data stream
Output:

Final Prediction: Ensemble prediction
Initialize N worker threads
For each worker thread 1 from 1to N do:
Create a sample buffer ;

End For
while DataStream is not empty do:

For each worker thread i from 1 to N do:
Read next data sample Datai from DataStream
Add Data i to samble Buffer i
End For
End while
For each Learner ; from 1 to L do:
Train Learner; asynchronously on samble Buffer i
Loss = Calculate Loss (Learner ; , samble Buffer ) // Loss
calculation
End For
Wait for all threads to finish training
Initialize Predictions array ~ Predictions j for each Learner

i

For each Learner; from1to L do:
Predictions j = Predict ( Learner ;, Data i)

FinalPrediction = CombinePredictions (Predictions | , Predictions 5, .
_Predictions )

Output FinalPrediction
End For
End Algorithm
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Algorithm 6: Phase 5- Sample Buffer Design

Input:
Number of worker threads: N
Maximum number of samples in the buffer: #
samples
Worker thread ID: ID
Output:

Sample buffer operations for each worker

Initialize Head to 0
Initialize LastProcessed [ID]to0 to 0

while true do:
if (Head-Tail ) <# samples then:
Read next data sample Data i from DataStream
Add Data i to Ring Buffer at position Head
Head ++
if (Head - LastProcessed [ID] ) >=BatchSize then:

Process Batch of Data from LastProcessed [ID] to Head

Update LastProcessed [ID] to head
Perform Random HT Inference on the Batch
Reset Learner on Drift Detection

if Drift Detected then:
Reset Learner and Update LastProcessed
accordingly
End Algorithm

[ID]
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