Ensemble
Schemes

[ <Poia ]|



' Approach '

@ Voting or Averaging of predictions of multiple pre-trained models

SVM —— sSpam \

X DT — Non-spam ——— Spam

n
KNN — Spam /

@ ‘'Stacking”: Use predictions of multiple models as “features’ to train a new model and use the new
model to make predictions on test data

Level 1 Models
Thiese predictions can now

be used as hinary “features”
SVM SDEI.ITI o Irain a level 2 model

xn DI —» Non-spam —'—|—- Level 2Model o 55,
(e.g. DT)
KNN ——— spam




' Bagging '

@ Instead of training different models on same data, train same model multiple times on different
data sets, and “combine’ these “different’” models

@ We can use some simple/weak model as the base model

@ How do we get multiple training data sets (in practice, we only have one data set at training time)?

bagging boosting

ndom sampling with ; | random sampling with

replacement replacement
i - over weighted data



' Bagging '
Bagging stands for Bootstrap Aggregation

Takes original data set D with N training examples

Creates M copies {Dm}V_,
o Each D,, is generated from D by sampling with replacement

o Each data set Dy, has the same number of examples as in data set D

o These data sets are reasonably different from each other (since only about 63% of the original
examples appear in any of these data sets)

Train models hq, ..., hy using Dy, ... J Dy, respectively

Use an averaged model h = % Zﬁ:l h,, as the final model

Useful for models with high variance and noisy data




' Bagging '

Top: Original data, Middle: 3 models (from some model class) learned using three data sets chosen via
bootstrapping, Bottom: averaged model




' Random forests '
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@ An ensemble of decision tree (DT) classifiers
@ Uses bagging on features (each DT will use a random set of features)

o Given a total of D features, each DT uses /D randomly chosen features
e Randomly chosen features make the different trees uncorrelated

@ All DTs usually have the same depth

@ Each DT will split the training data differently at the leaves

Prediction for a test example votes on/averages predictions from all the DTs



' Boosting '

@ [he basic idea
e Take a weak learning algorithm

@ Only requirement: Should be slightly better than random

e Turn it into an awesome one by making it focus on difficult cases

@ Most boosting algoithms follow these steps:

© Train a weak model on some training data
@ Compute the error of the model on each training example

© Give higher importance to examples on which the model made mistakes

©Q Re-train the model using “importance weighted” training examples

@ Go back to step 2




' AdaBoost '

e Given: Training data (x1,y1),...,(xn,yn) with y, € {—1,+1}, Vn
@ Initialize weight of each example (x,,y,): Di(n) =1/N, Vn

@ Forround t=1:T
e Learn a weak hi(x) — {—1,+1} using training data weighted as per D;

o Compute the weighted fraction of errors t:-f h: on this training data

€ = Z De(n)1[he(Xn) # yn]

o Set “importance” of hy: a; = IDg(1 Et)(g;ﬂets larger as €; gets smaller)

o Update the weight of each example

Di(n) x exp(—a¢) if he(x,) = vn (correct prediction: decrease weight)
D¢(n) x exp(acr) if ht(xn) # vn (incorrect prediction: increase weight)

D:i1(n) o {

=  Di(n) exp(—arynhe(x,))

e Normalize D;y1 so that it sums to 1: D,,1(n) = —g2=L2

>N _1 Dey1(m)

@ Output the “boosted” final hypothesis H(x) = sign(zg;l arhe(x))




' AdaBoost '

Consider binary classification with 10 training examples

Initial weight distribution D; is uniform (each point has equal weight = 1/10)

Each of our weak classifers will be an axis-parallel linear classifier




' AdaBoost '

@ Error rate of hy: €1 = 0.3; weight of hi: a1 = %In((l —¢€1)/€1) = 0.42
@ Each misclassified point upweighted (weight multiplied by exp(a2))
@ Each correctly classified point downweighted (weight multiplied by exp(—a3))



' AdaBoost '
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@ Error rate of hy: €2 = 0.21; weight of hy: ap = %In((l — €7)/€2) = 0.65
o Each misclassified point upweighted (weight multiplied by exp(a2))
@ Each correctly classified point downweighted (weight multiplied by exp(—as))




' AdaBoost '

@ Error rate of h3: €3 = 0.14; weight of h3: a3 = %In((l —€3)/€3) = 0.92

@ Suppose we decide to stop after round 3

@ Our ensemble now consists of 3 classifiers: hy, hy, h3




' AdaBoost '

@ Final classifier is a weighted linear combination of all the classifiers

@ Classifier h; gets a weight «;

H i — g]gn (0.42 + .65 + 0.92
final




' Comments '

@ For AdaBoost, given each model's error €; = 1/2 — ¢, the training error consistently gets better

with rounds r ,
train-error(Hsinar) < exp(—ZZf}fr)

t=1
@ Boosting algorithms can be shown to be minimizing a loss function

e E.g., AdaBoost has been shown to be minimizing an exponential loss

L= ep{-yaH(xa)}

where H(x) = sign(zg;l ahe(x)), given weak base classifiers hy, ..., hr

@ Boosting in general can perform badly if some examples are outliers




' Comparison '
@ No clear winner; usually depends on the data

@ Bagging is computationally more efficient than boosting (note that bagging can train the M
models in parallel, boosting can’t)

bagging boosting

\
-
\

@ Both reduce variance (and overfitting) by combining different models

@ The resulting model has higher stability as compared to the individual ones

@ Bagging usually can't reduce the bias, boosting can (note that in boosting, the training error
steadily decreases)

@ Bagging usually performs better than boosting if we don’t have a high bias and only want to
reduce variance (i.e., if we are overfitting)
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- Eilcaywyn '

« ETiAewn pdbnong
e KATNYOpPIOTTOIiNON, TTaAIVOPOUNON
* EKNABNOoN xwpic eTTiBAewn
e ouoTadoTTOINOoN
* EvioxuTiki nabnon
* TTIO VEVIKN OTTO TNV ETTOTITEVOPEVN/UN ETTOTTTEUOMEVN NABNON

* uaBaivoupe atrd TNV aAANAETTIOpaON YE TO TTEPIBAAAOV YIQ TNV ETTITEUEN EVOC OTOXOU

new state




' Eilcaywyn '

actions: UP, DOWN, LEFT, RIGHT

+1

upP

80% move UP
10% move LEFT
10% move RIGHT

START

reward +1 at [4,3], -1 at [4,2]
reward -0.04 for each step

what'’s the strategy to achieve max reward?

what if the actions were deterministic?




- Elcaywyn '

Agent

State s, Reward r,

Next state s,

Action a,

Environment




' MovTEAO '

« Kdab6e avtiAnwn(g) gival apkeTn yia va kaBopioel Tnv katdoTaon (N karaotaon gival TTpooBAaaciun)
* O TTPAKTOPAC UTTOPEI va attoouvBEéoel TO aToixeio AvTauoIBAc atrd pia avTiAnyn

» To kaBnkov Tou TTpAKTOPA: Va BPeOEi pia BEATIOTN TTOAITIKY, AVTIOTOIXION KATAOTACEWY OE EVEPYEIEC,
TTOU JEYIOTOTTOIOUV TN MOKPOTTPOBECUN HETPNON TNG EViIOXUONG

o« TKEPTEITE TNV EVIOXUGT WS AVTAHOIBA

« Mrropei va pyovreAotroinBei wg povréAo MDP!




. MovTEAO '

« MDP model <S,T,A,R>
» S set of states
» A— set of actions

* T(s,a,s’) = P(s’|s,a)— the

State Action probability of transition from
Reward s to s’ given action a

* R(s,a)— the expected reward
for taking action a in state s

a, a1 a0 . R(s,a):;P(s'|s,a)r(s,a,s')

Iy r1 (2 R(s,a) =ZT(s,a, s)r(s,a,s')




Markov
Decision
Process

MovTEAO

P, P
Action AR™ {Action A
State 1 State 2
Action B Action B
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' MovTEAO '

* Opwg, dev yvwpiloupe TiTToTa YIA TO JOVTEAO TTEPIBAAAOVTOC — TN cuvapTnon petapaong T(s,a,s’)
« EOw £pxovtal dUO TTPOOEYYIOEIC
» [lpooéyyion Baocel yovréAou RL:
* MAOETE TO HOVTEAO KAl XPNOIMOTIOINOTE TO VIO VO £CAYAYETE TN BEATIOTN TTOAITIKN.
* T1.X. [lpocapuooTik duvauiki paddnon (Adaptive Dynamic Learning - ADP).
» Xwpic Movtého TTpooéyyion RL:
o €Cayayete TN BEATIOTN TTOMNITIKA XWPIG va NABETE TO HOVTEAO.

« T1.X. [Npocéyyion xpovikng diapopdc (Temporal Difference — TD)

» To Temporal Difference Learning otoxeuel va TTpoBAEWEl Evav ouvOUAO O TNG AUECNC
avTauoIBAC Kal TG OIKAG TNG TTPORAEWNS avTANOIBAC TNV ETTOUEVN XPOVIKN OTIYUN. 210 TD
Learning, To orjua ektraidcuong yia pia TPORAewn €ival pia yeAAOVTIKA TTPORAewn. AuTh N
MEBODOC cival Evag ouvduaouog TG ueBddou Monte Carlo (MC) kai Tng peBGdou Auvapuikou
[Mpoypapuaticpou (DP).




' MovTEAO '

e [laBnTikA nyabnon

* O TTPAKTOPOAC UTTOVOEI OTI TTAPAKOAOUBEI TOV KOO0 va TTEPVAEI Kal TTPOOCTTABE va udoel Tig
XPNOIMOTNTA TOU Va BpiokeTal o€ dIAPOPES TTONITEIEC

* EvepynTiki padbnon

e O TTPpAKTOPAC OXI ATTAWG TTAPAKOAOUOEI, AAAG KOl EVEPYEI




' MovTEAO '

* O mpakTopag BAETTEI TIC AKOAOUBIEC PETABACEWY KATAOTAONG KOl GUVOEEI TIG AVTAUOIBES
« To mTepIBAAAOV dnuIoUPYEI HETARACEIC KATAOTATEWY Kal O TTPAKTOPAC TIC avTIAAUBAVETAI
m.X. (1,1) 2(1,2) =(1,3) 2(2,3) 2(3,3) =>(4,3)[+1]

(1,1)->(1,2) =>(1,3) =(1,2) =(1,3) =»(1,2) =>(1,1) =>(1,2) =(1,3) =(1,4) =>(2,4)[-1]

« Baoikn 10€a: evnuépwaon TNG TIMAG XPNOIMOTNTAG XPNOIMOTIOIWVTAG TIGC OEOOUEVES OKOAOUBIEC
EKTTAiIdEUONG.

1 START




' MovTEAO

function FASSIVE-RL-AGENT(¢) retarns an aclion
static: U, atable of ity estimates
N, atable of frequencies for states
M, atable of transition probabilties from state to state

percepts, a petcepl sequence (intially empty)

add e to percepts

increment N[ STATE[ ] ]

L' ¢ UPDATE( U, ¢, percepts, M, V)

if TERMIMALY[ ¢] then percepts + the empty sequence
return the action Observe




' MovTEAO '

« EmBpdBeuon yia va TTAElI O€ PIA VEQ KATAOTAON

* TO ABpoICHa TWV AVTAPOIBWY ATTO AUTAV TNV KATAOTOON MEXPI VA ETTITEUXOEI MIa TEPUATIKNA
KATAOoTAON

« KA&1di: XpNOIMOTIOINOTE TNV TTAPATAPOUMEVN QvTaUOoIBN yia va TTAEl N KATAoTaoN WS AUEON ATTOOEICN
TNG TTPAYMATIKNG AVAPEVOUEVNG XPNOIMOTNTAS AUTAS TNG KATAOTAONG

» Acitoupyia BonBnTIKOU TTPOYPAUMATOC HABNOoNG atreudeiag atrd 1o TTapadelyua akoAouBiag




' MovTEAO '

« Temporal Difference (TD(0)) Baoikn 10€a: | | .
1
* TIPOCOPMOCTE TNV EKTIHWHEVN acia I v
OPEAOUC TNG TPEXOUCOAC KATAOTACNG HIPY N 1l ~l .
ue Baaon TNV dueon avtapolfn TNG g 0.5 i ; %‘t i Il‘v‘“'. ) fy
KAl TNV EKTINWWMEVN agia TNG = 'fgif.f,.-"'.;' U R AN
. , I PRI O S A Y A
ETTOMEVNG KATAOTAONG. 5 I BV SRR P Ao
’ , , & oy R AU
* O kavovag evnUEPWONS 0PEAOUC > A A -
U(s) = U(s) + A(R(s) + U(s") — U(s)) = S f
_05 _illiill:-j: lll:|::J ';' I!I:' II\fJIE]I"n ."ﬂ"" . .,_Al" f\l\-j"\f\' . N \g e e
o , , , EE' i, j I,J illl' ] iI!' \,._1 ;"’ , Ry \'\./' RN - g
A €ival n TTapauETPOG TOU pubuou Ry o
EKUGGr]Gr]g ;\ il.:~, o .‘.ll! L i rJ . ‘ ;\./ § B
-1 | - -
| | | |

 Movo otav 1O A gival yia cuvapTnon TTou
0 200 400 600 800

MEIWVETAI KOBWC AUCAVETAI O apIOPOC

TWV POPWIV TTOU ETTIOKEPONKE MIa Number of epochs
KaraoTtaon, 101€ 10 U(S) pTTopei va

OUYKAIVEI 0T OWOTA TIKA.




- ADP -

« To Adaptive dynamic programming(ADP) €ivai d1a@opeTIKO atro Tn pEBodo TD

* To ADP cival pia TTpooéyyion 1mou Baciletal o€ JOVTEAO!
« O kavovag evnuépwaong yia TTadnTikn paénon

U(s) = ZT (s,s")(r(s,s’) +J(s))

 QO0T10600, 0¢€ £€va ayvwoTo TTEPIPAAAoV, TOo T dev diveTal, O TIPAKTOPAG TTPETTEI VA JABEI 0 idlog To T
ATTO EUTTEIPIEC ME TO TTEPIBAAAOV.

1

0.5

Utility estimates
o

05 k.7 - BINIERNEISRL S S e ~
e i P ..
s
B Ke

0 100 200 300 400
Number cof epochs




- ADP -

* ‘Evacg evepyOc TTPAKTOPAG TTPETTEI VA ECETAOEI
* TI eVEPYEIEC Ba yivouy;

* TTOIO PTTOPEI VA €ival Ta ATTOTEAEOUATA TOUG (TOCO YIa TN JABnon 600 Kai yia TN Ayn Twv
AVTAMOIBWY NAKPOTTPOBETUQ);

* Evnuépwon TNG £€icwang Tou oPpEAOUG

U (s) =max(R(s,a) +7Y T(s,a,5 ("))

« Kavovag etmmAoyng dpaong

a = argmax(R(s,a) +y Z T(s,a,s")U(s"))




' ADP

For each s, initialize U(s) , T(s,a,s’) and R(s,a)
Initialize s to current state that is perceived

Loop forever

{

Select an action a and execute it (using current model R and T) using
a=argmax(R(s,a)+r> T(s,a,sW(s")
a s'

Receive immediate reward r and observe the new state s’
Using the transition tuple <s,a,s’,r>to update model Rand T (see further)

For all the sate s, update U(s) using the updating rule
U (s) =max(R(s,a)+y > T(s,a,sW(s"))
a s’

s=s’

}

3
e



' ADP -

« XpnoIJoTroInoTe TNV TTAEIAdA YeTABaonG <s, a, s', r> yia va udbete T(s,a,s’) kal R(s,a).
* AuTO gival eTToTTTEVOPEVN PABNoN!

 E@OoOoV O TTPAKTOPAG MTTOPEI Va TTapel KABE peTdfBaon (s, a, s', r) aueoa, TAPTE TO (S,a)/s' WG
TTaPAdEIyMa £10000U/eCOdOU TNG ouvapTnong moavoTnTag petapaong T.

*  AIQQOPETIKEG TEXVIKEC OTNV ETTOTITEVUOMEVN HABNON

« XpnoigotrolinoTe Ta r Kal T(s,a,s’) yia va yabete R(s,a)

R(s,a)=>) T(s,a,s)r




- ADP -

* [lAeovekTuara:

* O aAyopiBuoc ADP cuykAivel TTOAU TTI0 ypriyopa aTrd To Temporal Learning.

* AuTO oupBaivel yiaTi XpNOIYOTIOIET TIC TTANPOPOPIEC ATTO TO MOVTEAO TOU TTEPIBAAAOVTOC.
* MelovekTriuara:

» AUOKOAQ yIO PEYAAO XWPO KATAOTACEWV

e 2¢€ KABe BApa, evnuepwaoTe T0 U yia OAEC TIC KATAOTAOEIC

* BeATIwWOTE TO ye OAPWON TTPOTEPAIOTATWYV




' Q-Learning '

Opioud¢ ouvdptnong Q-value
U (s) = maxQ(s,a)
a
Kavévag evnuEépwaong ouvaptnong TIAG Q
U () =max(R(s, a)+yZT(s a,s' W (s"))
Q(s,a) =R(s, a)+yZT(s a,s' W (s")
Q(s,a) = R(s, a)+7/ZT(s a,s') maxQ(s',a’)
Baaoikny 10éa TnG padnong TD-Q
e 2€& OUVOUOOMO PE TTPOCEYYION XPOVIKNG dlapopag
* O kavovag evnuépwaong

Q(s,a) =Q(s,a) +a(r+y maxQ(s',a’) - Q(s,a))

Kavévag yia va eTTIAECETE T OpAon TTou Ba KAVETE

a=argmaxQ(s,a)

a




' Q-Learning '

For each pair (s, a), initialize Q(s,a)
Observe the current state s
Loop forever

{

Select an action a and execute it
a=argmaxQ(s,a)
Receive immediate reward r and observe the new state s’

Update Q(s,a)
Q(Sv a) = Q(S! a) + a(r Ty maa;XQ(S' ’ al) _Q(S’ a))

s=s’




Q(s,a) § § = =
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Q-Learning
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' Exploration '

* Mia evépyela £xel OUO €idn ATTOTEAEOUATWYV

« KepdioTe avtapoIBEC oTnv TpExouoa TTAEIGda euTtTEIpiac (s,a,s’)

« ETNpedoTE TIC AQVTIANWEIS TTOU AdpBAvovTal, Kal WS €K TOUTOU TNV IKAVOTNTA TOU TTPAKTOPA va
HaBaivel




' Exploration '

* AvtaAAlayn KaTtd Tnv €1mAoyr 0pAong METAEU

* gival auEowg KAAG (avTavakAATal OTIC TPEXOUOEC EKTINNOEIC XPNOIMOTNTAC XPNOIMOTTOIWVTOC
QuUTA TTOU PABauE)

* To MAKPOTTPOBECTO KAAO TOU (N £CEPEUVNON TTEPICCOTEPWV YIa TO TTEPIBAAAOV TO BonBa va
OUNTTEPIPEPETAI BEATIOTA JAKPOTTPOBEC Q)

* AUO OKpaieC TTPOCEYYIOEIC

» [lpooéyyion «mTapacevn»: dpa Tuxaia, Je TV eATTIOO OTI TEAIKG Ba eCepeuvroel OAOKANPO TO
TTEPIBAAAOV.

e «QATTANOTN» TTPOCEYYION: dpPA YIA TN MEYIOTOTTOINON TNS XPNOINOTNTAC TNG XPNOIMOTIOIWVTAC TNV
TPEXOUOQA EKTINON TOU JOVTEAOU

* AKPIBWC OTTWS 0 AvBPWTTOG OTOV TTPAYMATIKO KOOHO! O1 AvBpwTTol TTPETTEI VA ATTOQACIOOUV PETAEU
TOUG

« 2uveyiovrtag o€ Pia aveTn UTTapgn

* 'H va XTUTTAOETE OTO AYVWOTO PE TNV EATTIOO VO AVOKAAUWETE PIA VEQ KOI KAAUTEQ




' Exploration '

* ‘Eva €idog Auonc: o TpakTopag Ba TTPETTEI va ival TTIO EKKEVTPIKOG OTAV £XEl EAAXIOTN IO€A YIA TO
TTEPIBAAAOV Kal TTI0 ATTANCTOC OTAV £XEI €va MOVTEAO TTOU €ival OXeOOV OwWaOTO

e 2¢& MIa 0edouEvn KATAOTACT, O TIPAKTOPAC Ba TTPETTEl va divel KATTOIa BapuTnTa O€ EVEPYEIEC TTOU
dev €xel DOKINAOEI TTOAU ouxVva.

* Evw TEIVOUV va aTTOPEUYOUV EVEPYEIEC TTOU TTICTEUETAI OTI €ival XANNAAG XPNOIMOTNTAG
* YAotroigital atmrd Tn ouvaptnon e¢epeuvnong f(u,n):

* EKXWPENON UWPNAOTEPNG EKTIMNONG XPNOIMOTNTAG OE OXETIKA avecepeuvnTa {EUyN KATAOTACEWY
EVEPYEIWV

* AANGCTE TOV KAVOVA EVNUEPWONG TNG OUVAPTNONG TIMAG O€

U™ (s) = max(r(s,a) + s (ZT (s,a,s' " (s'),N(a,s))
* To U+ uttodnAwvel TV mmz')éo?;r] EKTIMNON TNG XPNOIMOTNTAG




' Exploration '

‘Eva €idog opiouou Tou f(u,n)

if n< Ne
otherwise

fm=*,

R™eivan pia a101680€n ekTipnon TN KaAUTEPNS BUVATAC AVTAUOIBAC TTOU PTTOPET VA ETTITEUXOET O€
OTTOIAdNTTOTE KATAOTOON

* O mrpdakTopa¢ Ba dokiuaoel kABe (euyapl OpACNG-KATAOTAONG TOUAGXIOTOV Ne popEC

* O mTpAKTOPAC Ba CUPTTEPIPEPOEI apXIKA oAV va UTTIPXAV UTTEPOXEC AVTAMOIBEC OKOPTTIOUEVEG TTAVTOU
- AlI01000E0C¢




' Exploration '

Exploration of unknown states and actions to gather new information

Exploitation of learned states and actions to maximize the cumulative
reward

o &-greedy search:

Explore — with probability € choose uniformly one action among
all possible actions.

Exploit — with probability 1-€ choose the best action.

Start with a high € and gradually decrease it in order initiate exploitation
once enough exploration.




' Exploration '

Choose action a according to probability

P(a | S) _ epr(S,a)
e 4expQ(s,b)
Move from exploration to exploitation using
/T
P(a|s)= exp[Q(s,a) ]

Zleexp[Q(s,b)/T]

Start with a large T and gradually decrease it.

Tlarge,P(a|s)~1/ A (constant) =>exploration

T small, better actions —> exploitation.
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