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Mining High-Speed Data Streams

BeepgeHne

e Hoeffding trees — MoryT 6bITb 0by4YeHbl 33 KOHCTAHTHOE
BPeMsi Ha ODDBEKT.

e BeposaTHocTb Toro, 4To 0bbivHoe aepeso u Hoeffding tree
BbIOEPYT pa3Hble OTBETHI, NAAAET SKCNOHEHLMANBHO C
KOJIMYECTBOM 3K3EMMISAPOE.



Mining High-Speed Data Streams

BeepgeHne

e Very Fast Decision Tree learner (VFDT) — obpabaTbiaet
0bBbeKTLI 32 BpeMsi, MeHbLUee, YeM TpebyeTcst Ha ux
N3BneYeHne C ANCKa.

e [Ipn 5TOM 06BEKTHI NPOCMATPUBAIOTCS JINLLL Pa3 U HUKYAA He
3anuncbIBalOTCs!, NO3TOMY HeobxoAnMa naMsiTe TONBLKO Ha
MECTO, NPONOPLMOHANBHOE Pa3Mepy fepeBa.



Mining High-Speed Data Streams

Hoeffding trees

Knaccuyeckune mogenn (Bpoge C4.5, CART) npeanonaratot, 4To
BCA TPEHUPOBOYHAA BbIBOPKa MOXET ObITh 3anMcaHa B NamsATy
eAVHOBPEMEHHO, MO3TOMY MnosBAstOTCA orpaHuderuns. B Hoeffding
trees genaeTcsi NPeanosioKEHNE, YTO AAHHBIX MOTEHUMANIBHO
HeckoHeyHoe Yncno. ToNbKO NepBble 3K3eMMApPbl TPEbyOTCA A
onpefeneHnst NpeankaTa B KOPHEBOW BEPLUMHE.



Mining High-Speed Data Streams

Hoeffding trees

Mpobnema onpegeneHnsi HEOBXOLMMOrO B KaXX4ON BEpLUNHE
KOJINHECTBA 2K3EMNNAPOB PELLAETCA C NOMOLLbIO
Hoeffding-Chernoff bound.

I—IyCTb T — BewWweCTBEHHasA CJ'Iy‘-IaVIHaH BE€JINHNHA, LEJINKOM
pacrionoxeHHasi Ha oTpe3ke paguyca R. [ycte n — yncno
HE3aBUCUMBbIX HabnogeHUii n T — ux cpefHee.
Hoeffding-Chernoff bound: ¢ BepositHocTbio 1 — & HacTosiwee
cpegHee BEMYNHBI HE MEHbLUE T — €, rae

_ [/R2In(1/9)
€= n

He 3aBucum ot pacnpegenenus, Ho notpebyeTtcs bonbuie
HabsofeHni.



Mining High-Speed Data Streams

Hoeffding trees

Mycte G(Xi) — mMepa MHPOPMATUBHOCTU, UCNONb3yEMAs 4s
onpepeneHnst TecToBoro npusHaka (kak ungekc Jxkuun 8 CART).
3ajava: y4oCTOBEPUTBLCS, HTO, C BbICOKOUW BEPOSITHOCTLIO,
BbIOPaHHbIA Ha OCHOBaHMM TL 3K3eMMIAPOB (rAe T Kak MOXHO
MeHbLUE) MPU3HaK DyaeT TaknM ke, Kak 1 BblOpaHHbI Ha
OCHOBaHNUMN BECKOHEYHOI BbIBOPKMU.



Mining High-Speed Data Streams

Hoeffding trees

Mycte G makcumusupyetcsi, Xq — NpuU3HaK C MakcumasnbHbiM G,
Xp — BTOpOIi Ay4Linii.

Monoxum AG = G(Xq) — G(Xp) = 0. Mpu xenaemom &
Hoeffding-Chernoff bound rapantupyer, 4to X, — BepHblii BbibOp
C BepoATHOCTbIO 1 — & npu ycnoeun . HabnogeHunii n AG > € (T.e.
AG > AG — € > 0 c BeposiTHoCTbiO 1 — §)

V35y HeobxoanMo HakanaueaTb ODBLEKTHI 4O TEX MOP, NOKa € He
cTaHeT MeHble AG (Tak kak € — MOHOTOHHO ybbiBatoLLas
yHkuust ot 1). Mocne aToro ysen MoXXHO pasdbuTsb.



Procedure HoeffdingTree (9,X, G,d)
Let HT be a tree with a single leaf I; (the root).
Let X1 =X U {Xp}.
Let G1(Xp) be the G obtained by predicting the most
frequent class in S.
For cach class y;
For cach value x4 of cach attribute X; € X
Let nyn{lh) = 0.
For cach example (x,yr) in S
Sort (x,y) into a leaf | using HT.
For cach 2;; in x such that X; € X,
Increment ng i (l).
Label { with the majority class among the examples
seen so far at .
Tf the examples seen so far at [ are not all of the same
class, then
Compute Gy(X;) for cach attribute X; € X, — {X;}
using the counts ng i (7).
Let X, be the attribute with highest Gj.
Let Xp be the attribute with second-highest El.
Compute € using Equation 1.
If Gi(X,) — Gi(Xy) > e and X, # X, then
Replace I by an internal node that splits on X, .
For cach branch of the split
Add a new leaf I, and let Xy = X — {X,}.
Let G (Xy) be the G obtained by predicting
the most frequent class at Ip,.
For cach class y; and cach value x;; of cach
attribute X; € Xm — {Xp}
Let nijn(lm) = 0.
Return HT'.



Mining High-Speed Data Streams

Hoeffding trees

MNosicheHus k anroputmy

e PasbueHue byget caenaHo TONLKO B Ciydae, ecau, C
BeposiTHOCTbi0 1 — O, cornacHo G nydiwe pasbuTtb, YeM He
pasbueaTb.

e Bribopka MoxeT bbITb HECKOHEUHOIA.

e CNoXHOCTb MO NaMATU HE 3aBUCUT OT pasmMepa BbIBOpKMU.

e [lonyyaemoe aepeBo aCMMNTOTUYECKN BANSKO K AEPEBLSIM,
NCMOJIb3YIOLLMM BCIO BbIBOPKY 4151 ONpeAeneHnst HanyyLero
nogpasbuerns



Mining High-Speed Data Streams

Hoeffding trees

A (DT, DT,) Z P(x)I[DT;(x) # DT, (x)]
Ai(DTl, DT2 Z P Pathl( ) 75 Pathg(x)]

Ai{(DTy,DT,) > Ae(DTl, DT,)

P1 — BEpPOSITHOCTL 0bbeKTa MonacTb B JIUCT, 4ONAA 4O YPOBHS
L. Jonywenune: Vip1 =p

E[A;(HTs, DT,.)] — oxungaemoe 3Ha4yeHune, B3ATOE NO BCEM
BO3MOXHbIM BeCKOHEYHbIM BbIBOPKaMm.



Mining High-Speed Data Streams

Hoeffding trees

Teopema: ecnn HTs ecTb aepeBo, nonyyeHHoe faHHbIM
aNropuTMOM C XKenaemoii BeposiTHocTbto O, DT, ecTb
aCUMNTOTNYeCKOe ODLIKHOBEHHOE AEPEBO, TO
E[Ai(HTs, DT,)] < 8/p



Mining High-Speed Data Streams

Hoeffding trees

Cneacteus:
e A, Toxe MeHbLie (npuyem ropasgo) &/p

e CyuiecTByeT nofAepeBo aCUMNTOTUHECKOrO ObbIYHOrO AepeBa
Takoe, 4To A MeHblue b/p

Monb3oBaTesnb MOXET 3a4aThb npuemnembie ans cebst 3HadeHus. K
NPUMeEpy, €CAN Pa3HULA MEXAY JYYLUUM U BTOPLIM MPU3HAKOM
10% (7.e. €¢/R =0.1), gns nonyyenus & = 0.1% neobxogumo 380
obbekToB, a ans yaydwenusa & = 0.0001% neobxognmo Bcero
anwb 345 BOMNONHNTENbHBIX OOBEKTOB.



Mining High-Speed Data Streams
VFDT

CgoiicTBa:

Ecnn aBa npnsHaka odeHb noxoxu (cornacHo BbibpaHHOMY
G), VFDT cam Bbibupaet HeobXxoanMmblii MprsHak.

HeadbdpekTneHo nepecuntbieate G, nostomy VFDT nossonsier
YCTaHOBUTb MOJIb30BATENIO Nynin, NOCIE KOTOpOro byaer
nepecymTaH G.

Ecanm VFDT paspacTtaercs Ao Takux pa3MepoB, Korga
nepecTaeT MOMELLATLCA B ONEePaTUBHYIO NaMsiTb, HAUMEHEE
NepCneKkTUBHbIE Y3Nbl BbIDpACkIBAtOTCS.

Cncrema MOXeT ObITb UHULMANN3MPOBaHA ODbIYHBIM AEPEBOM,
0byyeHHbIM Ha nogBbIbOpKe.

VFDT moxeT npocmaTpuBaTh 3aHOBO MPOLLIIbIE ODBEKTHI,
€C/IN HOBbIE MOCTYNAOT MEAJIEHHO.



Mining High-Speed Data Streams

PesynbraThl
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Figure 1: Accuracy as a function of the number of
training examples.



Mining High-Speed Data Streams

PesynbraThl
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Figure 2: Tree size as a function of the number of
training examples.



Mining High-Speed Data Streams

PesynbraThl
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Figure 5: VFDT trained on 160 million examples.



Mining High-Speed Data Streams

PesynbraThl
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Sum-Product Networks

Onpegenexne

SPN Hag nepemeHHbIMU X1, ..., Xq — HanpaBfeHHbIi
auMKINYECKNiA rpad, UMEIOLWNIA B KAaYECTBE JINCTLEE MHAUKATOPbI
X1,...,Xd W X1,...,Xd, @ B KQYECTBE BHYTPEHHMNX Y3/10B CYMMbI 1
npon3eegerus. Kaxpgoe pebpo (1,j), ncxopsiwee ns ysna i c
CYMMOIi, UMeeT HeoTpuLaTeNbHbIN BeC Wij. 3HaYeHneM y3na ¢
MPON3BEAEHMEM SIBASIETCS NMPOU3BEAEHNE 3HAYEHMIA NOTOMKOB.
3HayeHneM y3na C CYMMOIA SABASIETCS ZjeCh(i) wi;jvj, rae Ch(i)
— NOTOMKM 1, V; — 3HadeHue y3na j. 3HadeHnem SPN ssnsercs
3HaYEeHUNE KOPHS.



Sum-Product Networks

[Mpymepsi




Sum-Product Networks

[peanonoxerus

[Mpeanonoxenus:
e [padh "xopownii"

e Cnoun U3 cyMM 1 NpousBeAeHUli YepenyroTcst



Sum-Product Networks

Anroputm

Algorithm 1 LearnSPN

Input: Set D of instances over variables X.
Output: An SPN with learned structure and parameters.
S « GenerateDenseSPN(X)
InitializeWeights(.S)
repeat

foralld € D do

UpdateWeights(S, Inference(S, d))

end for
until convergence
S « PruneZeroWeights(.S)
return S




Sum-Product Networks

WNuunymanuzsayms

@ Buibupaem MHOXECTBO MOLMHOXECTE NepeMEeHHbIX.

® [ns kaxgoro nogmHoxecTa R, co3gaem k y3nos ¢ cymmoli
SR SE 1 BbIBUpPaeM MHOXECTBO nyTell Ans pasnoxeHus R
B Apyrue -nogmHoxecTsa Ry, ..., Ry.

© [lna kaxkgoro n3 3Tux pasnoXeHUd n ans Bcex
1 <1y,...,11 < k cozgaem y3sen c npoussefeHnemM C
poauTENnsSMM S)R N NOTOMKaMmu Sfll, . SE‘.

[ns muornx obnacTell NHTYUTUBHO MOHSITHBI BbIOOPHI
NOAMHOXECTB U pasnoxeHuii. B npoTueHom cnyvae MoxHo
BbIOMpaTh CyyaiiHo, Kak B CAly4aliHbIX flecax.



Sum-Product Networks

WNuunymanuzsayms

Ob6HoBNEHNE BECOB NPON3BOANTCA INBO C NOMOLLLIO FPafUEHTHOro
cnycka, ninbo ¢ nomouwbto EM. Takxxe nosxe Heobxogmumo obpesaTb
pebpa ¢ HyneBbIMU BECaMU.
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Sum-Product Networks

Vcnonb3oBaHue




Sum-Product Networks

Vcnonb3oBaHue

36 cnoes
Bce BECa I/IHI/ILI'I/IaﬂI/I3VIpOBaHbI HyJ'IﬂMI/I
Bce nogpasbreHns — MHOXECTBO BCEX MPSIMOYTOJLHUKOB.

CpasHenue ¢ Deep Belief Networks, Deep Boltzmann
machines, Principal Component Analysis, kNN



Sum-Product Networks

Vcnonb3oBaHue

Table 1: Mean squared errors on completed image pixels in
the left or bottom half. NN is nearest neighbor.

LEFT SPN | DBM | DBN | PCA | NN
Caltech (ALL) | 3551 | 9043 | 4778 | 4234 | 4887
Face 1992 | 2998 | 4960 | 2851 | 2327
Helicopter 3284 | 5935 | 3353 | 4056 | 4265
Dolphin 2983 | 6898 | 4757 | 4232 | 4227
Olivetti 942 | 1866 | 2386 | 1076 | 1527
BOTTOM SPN | DBM | DBN | PCA | NN
Caltech (ALL) | 3270 | 9792 | 4492 | 4465 | 5505
Face 1828 | 2656 | 3447 | 1944 | 2575
Helicopter 2801 | 7325 | 4389 | 4432 | 7156
Dolphin 2300 | 7433 | 4514 | 4707 | 4673
Olivetti 918 | 2401 | 1931 | 1265 | 1793




Sum-Product Networks

Vcnonb3oBaHue

Figure 5: Sample face completions. Top to bottom: orig-
inal, SPN, DBM, DBN, PCA, nearest neighbor. The first
three images are from Caltech-101, the rest from Olivetti.




