
 

 
Lecture 1: Introduction 
 
Machine learning​ SURYLdeV V\VWePV WKe abLOLW\ WR aXWRPaWLcaOO\ OeaUQ aQd LPSURYe fURP 
e[SeULeQce ZLWKRXW beLQJ e[SOLcLWO\ SURJUaPPed. UVXaOO\ deaOV ZLWK RffOLQe OeaUQLQJ > WUaLQ 
PRdeO RQce aQd WKeQ LW'V dRQe. TKeQ XVe WKLV PRdeO. 
 
WKeQ WR XVe ML? 
� Ze caQ¶W VROYe LW e[SOLcLWO\. � aSSUR[LPaWe VROXWLRQV aUe fLQe � SOeQW\ Rf e[aPSOeV aYaLOabOe. 
(fRU e[aPSOe: UecRPPeQdaWLRQ V\VWePV fRU PRYLeV) 
 
ML aOORZV XV WR OeaUQ SURJUaPV WKaW Ze KaYe QR Ldea KRZ WR ZULWe RXUVeOYeV. MacKLQe 
OeaUQLQJ aOORZV XV WR cUeaWe SURJUaPV fURP a VeW Rf e[aPSOeV. 
 
SXSeUYLVed OeaUQLQJ (OabeOed daWa/KaYe e[aPSOeV) 
1. Classification 
instances = ​daWa e[aPSOe OLQe 
features (of the instances) = ​WKLQJV Ze PeaVXUe (QXPeULc/caWeJRULcaO) 
target (value)​ = ZKaW Ze aUe WU\LQJ WR OeaUQ 
 

 
 
E[ample 1: Linear classifier 
loss(model) ​= SeUfRUPaQce Rf PRdeO RQ WKe daWa (WKe ORZeU WKe beWWeU) fRU cOaVVLfLcaWLRQ: e.J. 
WKe QXPbeU Rf PLVcOaVVLfLed e[aPSOeV. XVed WR VeaUcK WKe PRdeO VSace. IQSXW: PRdeO, KaV 
daWa aV cRQVWaQW. 
E[ample 2: A decision tree classifier ​ = VWXdLeV RQe feaWXUe LQ LVROaWLRQ aW eYeU\ QRde.  
E[ample 3: K-nearest neighbours:​ Oa]\: fRU a QeZ SRLQW, LW ORRNV aW N SRLQWV WKaW aUe cORVeVW 
(N=7 f.e.) aQd aVVLJQV WKe cOaVV WKaW LV PRVW fUeTXeQW LQ WKaW VeW. N LV ZKaW Ze caOO a 
h\perparameter ​: \RX KaYe WR cKRRVe LW \RXUVeOf befRUe \RX XVe WKe aOJRULWKP. TULaO & 
eUURU/JULd VeaUcK/UaQdRP VeaUcK 
 
Variations: 
� FeaWXUeV: XVXaOO\ QXPeULcaO RU caWeJRULcaO. 
� BLQaU\ cOaVVLfLcaWLRQ: WZR cOaVVeV, XVXaOO\ QeJaWLYe aQd SRVLWLYe (SRV = ZKaW \RX aUe WU\LQJ 
WR deWecW) 
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� MXOWLcOaVV cOaVVLfcaWLRQ: PRUe WKaQ WZR cOaVVeV 
� MXOWLOabeO cOaVVLfcaWLRQ: PRUe WKaQ WZR cOaVVeV aQd QRQe, VRPe RU aOO Rf WKeP Pa\ be WUXe 
� COaVV SURbabLOLWLeV/VcRUeV: WKe cOaVVLfeU UeSRUWV a SURbabLOLW\ fRU eacK cOaVV. 
 
2. Regression 
Loss function for regression: the Mean-squared-errors 
(MSE) loss ĺ ​MeaVXUe WKe dLVWaQce WR WKe OLQe, WKLV LV WKe 
dLffeUeQce beWZeeQ ZKaW WKe PRdeO SUedLcWV aQd WKe acWXaO 
YaOXeV Rf WKe daWa. TaNe aOO YaOXeV aQd VTXaUe WKeP: VR 
WKe\ aUe aOO SRVLWLYe (& VR WKe\ dRQ¶W caQceO eacK RWKeU 
RXW). SXP WKeP XS, aQd WKeQ dLYLde b\ VL]e Rf daWaVeW 
(aYeUaJe). WKe ORZeU MSE, WKe beWWeU (bOXe OLQe UeVLdXaO) 
AVVXPeV QRUPaOLW\, VR VeQVLWLYe WR RXWOLeUV 
E[ample 1.​ LLQeaU UeJUeVVLRQ (VWUaLJKW OLQe) 
E[ample 2.​ ReJUeVVLRQ WUee (JR WKURXJK eYeU\ SRLQW) 
E[ample 3.​ NNN UeJUeVVLRQ (WaNe K=[ cORVeVW SRLQWV) 
 
GURXSLQJ PRdeOV VeJPeQW WKe feaWXUe VSace. GUadLQJ PRdeOV caQ aVVLJQ eacK eOePeQW LQ 
WKe feaWXUe VSace a dLffeUeQW SUedLcWLRQ. GURXSLQJ PRdeOV caQ RQO\ aVVLJQ a fLQLWe QXPbeU Rf 
SUedLcWLRQV.  
GURXSLQJ PRdeO ROC cXUYeV KaYe aV PaQ\ OLQe VeJPeQWV aV WKeUe aUe LQVWaQce 
VSace VeJPeQWV LQ WKe PRdeO; JUadLQJ PRdeOV KaYe RQe OLQe VeJPeQW fRU eacK e[aPSOe 
LQ WKe daWa VeW. TKLV LV a cRQcUeWe PaQLfeVWaWLRQ Rf VRPeWKLQJ I PeQWLRQed LQ WKe PURORJXe: 
JUadLQJ PRdeOV KaYe a PXcK KLJKeU µUeVROXWLRQ¶ WKaQ JURXSLQJ PRdeOV; WKLV LV 
aOVR caOOed WKe PRdeO¶V UefLQePeQW. b\ decUeaVLQJ a PRdeO¶V UefLQePeQW Ze VRPeWLPeV 
acKLeYe beWWeU UaQNLQJ SeUfRUPaQce. 
 
Overfitting ​= OXU PRdeO dReVQ¶W JeQeUaOL]e ZeOO fURP RXU WUaLQLQJ daWa WR XQVeeQ daWa; LW 
dUaZV WRR aQ\ VSecLfLc cRQcOXVLRQV fURP WKe WUaLQLQJ daWa. If RXU PRdeO dReV PXcK beWWeU RQ 
WKe WUaLQLQJ VeW WKaQ RQ WKe WeVW VeW, WKeQ Ze¶Ue OLNeO\ RYeUfLWWLQJ.  
aSplit your test and training data!a 
ALP Rf ML LV WR QRW WR PLQLPL]e ORVV RQ WUaLQLQJ daWa, bXW WR PLQLPL]e RQ WeVW daWa.  
How to prevent? NeYeU MXdJe RXU PRdeO RQ KRZ ZeOO LW dReV RQ WKe WUaLQLQJ daWa.We ZLWKKROd 
VRPe daWa, aQd WeVW WKe SeUfRUPaQce RQ WKaW. TKe SURSRUWLRQ Rf WeVW daW \RX ZLWKKROd LV QRW 
YeU\ LPSRUWaQW. IW VKRXOd be aW OeaVW 100 LQVWaQceV, aOWKRXJK PRUe LV beWWeU. TR aYRLd 
RYeUfLWWLQJ, WKe QXPbeU Rf SaUaPeWeUV eVWLPaWed fURP WKe daWa PXVW be cRQVLdeUabO\ OeVV 
WKaQ WKe QXPbeU Rf daWa SRLQWV. 
 
UQVXSeUYLVed OeaUQLQJ WaVNV​( XQOabeOed daWa) 
1. Clustering ĺ ​ VSOLW WKe LQVWaQceV LQWR a QXPbeU Rf (JLYeQ) 
cOXVWeUV. E[aPSOe Rf cOXVWeULQJ aOJRULWKP: ​K-means ​. IQ WKe 
e[aPSOe Ze ZLOO VeSaUaWe WKe daWaVeW VKRZQ LQ (a) LQWR WKUee 
cOXVWeUV. IW VWaUWV b\ SLcNLQJ 3 PaLQ SRLQWV, aQd cRORU WKeP b\ 
WKe PeaQ cRORU WKe\ aUe cORVe WR. DR WKLV aJaLQ, aQd WKURZ 
aZa\ ROd cRORULQJ. KeeS dRLQJ WKLV XQWLO dRQe.  
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2. ​Densit\ estimation ĺ ​ZKeQ Ze ZaQW WR OeaUQ KRZ OLNeO\ QeZ daWa/e[aPSOeV LV. IV a 2 P 
WaOO 16 \eaU ROd PRUe RU OeVV OLNeO\ WKaQ a 1.5 P WaOO 80 \eaU ROd?  (QRUPaO dLVWULbXWLRQ VLPSOe 
fRUP Rf deQVLW\ eVWLPaWLRQ) 
 
3. Generative modelling (sampling) 
WLWK cRPSOe[ PRdeOV, LW¶V RfWeQ eaVLeU WR VaPSOe fURP a SURbabLOLW\ dLVWULbXWLRQ WKaW LW LV WR JeW 
a deQVLW\ eVWLPaWe. SaPSOe SLcWXUeV WR JeW QeZ VaPSOe. 
 
Lecture 2: Linear models 1 
 
OSWLPL]aWLRQ= WU\LQJ WR fLQd WKe LQSXW fRU ZKLcK a SaUWLcXOaU fXQcWLRQ LV aW LWV RSWLPXP (LQ WKLV 
caVe LWV PLQLPXP YaOXe) 
 
Random search = ​SLcN a UaQdRP SRLQW aQd SLcN a SRLQW TXLWe cORVe WR LW aQd Vee ZKLcK RQe 
LV beWWeU. If WKe QeZ SRLQW LV beWWeU, PRYe WR WKLV QeZ SRLQW aQd JR aJaLQ, Lf QeZ SRLQW LVQ'W 
beWWeU, \RX dLVcaUd LW. SeQVLWLYe WR ORcaO PLQLPXP 
 
Conve[ ​=  Lf \RX SLcN aQ\ WZR UaQdRP SRLQWV RQ WKe ORVV VXUface aQd 
dUaZ a OLQe beWZeeQ WKeP, eYeU\WKLQJ LQ beWZeeQ WKRVe SRLQWV Qeed WR 
be beORZ WKaW OLQe: SUacWLcaOO\ PeaQV WKaW Ze KaYe ​1 (JORbaO) PLQLPXP 
aQd WKLV PLQLPXP LV WKe RSWLPaO PRdeO. SR ORQJ aV Ze NQRZ Ze¶Ue 
PRYLQJ dRZQ (WR a SRLQW ZLWK ORZeU ORVV), Ze caQ be VXUe Ze¶Ue PRYLQJ 
LQ WKe dLUecWLRQ Rf WKe PLQLPXP.  
 
WKaW Lf WKe ORVV VXUface KaV​ PXOWLSOe ORcaO PLQLPa ​?  
1. Simulated annealing = ​VLPLOaU WR UaQdRP VeaUcK bXW OLWWOe dLffeUeQce:  Lf WKe Qe[W SRLQW 
cKRVeQ LVQ¶W beWWeU WKaQ WKe cXUUeQW RQe, Ze VWLOO SLcN LW, bXW RQO\ ZLWK VRPe VPaOO SURbabLOLW\ 
P. IQ RWKeU ZRUdV, Ze aOORZ WKe aOJRULWKP WR RccaVLRQaOO\ WUaYeO XSKLOO. TKLV PeaQV WKaW 
ZKeQeYeU LW JeWV VWXcN LQ a ORcaO PLQLPXP, LW VWLOO KaV VRPe SURbabLOLW\ Rf eVcaSLQJ, aQd 
fLQdLQJ WKe JORbaO PLQLPXP. 
 
ĺ RaQdRP VeaUcK & VLPXOaWed aQQeaOLQJ: bOacN bR[ RSWLPL]aWLRQ (--> dRQ'W Qeed WR NQRZ 
VSecLfLc LQfRUPaWLRQ/LQVLJKW/cRPSXWe JUadLeQW abRXW PRdeO, RQO\ Qeed WR cRPSXWe/eYaOXaWe 
ORVV fXQcWLRQ) 
FeaWXUeV: YeU\ VLPSOe � caQ UeTXLUe PaQ\ LWeUaWLRQV (WaNeV ORQJ, caQ JeW VWXcN LQ ORcaO 
PLQLPXP) � aOVR ZRUNV fRU ​discrete ​ PRdeO VSaceV  
 
2. RXQ UaQdRP VeaUcK a cRXSOe Rf WLPeV LQdeSeQdeQWO\. OQe Rf WKeVe UXQV Pa\ VWaUW \RX Rff 
cORVe eQRXJK WR WKe JORbaO PLQLPXP. FRU VLPXOaWed aQQeaOLQJ, dRLQJ PXOWLSOe UXQV PaNeV 
OeVV VeQVe VLQce LW dReVQ¶W JeW VWXcN. If \RX ZaLW ORQJ eQRXJK, LW ZLOO fLQd LW. 
TR eVcaSe ORcaO PLQLPaĺ add UaQdRPQeVV (SA) 
TR cRQYeUJe (= fLQd ceUWaLQ SRLQW) faVWeU ĺ LQVSecW WKe ORcaO QeLJKbRXUKRRd (WR deWeUPLQe LQ 
ZKLcK dLUecWLRQ WKe fXQcWLRQ decUeaVeV TXLcNeVW)  
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Gradient descent​: VWaUW ZLWK a UaQdRP SRLQW, Ze cRPSXWe WKe JUadLeQW aQd ​VXbWUacW ​LW fURP 
WKe cXUUeQW cKRLce ( becaXVe WKe JUadLeQW LV WKe dLUecWLRQ Rf VWeeSeVW deVceQW WKaW Ze ZaQW WR 
JR dRZQKLOO) aQd LWeUaWe WKLV SURceVV. RQO\ fRU ​continuous ​ PRdeOV 
 
SLQce WKe JUadLeQW LV RQO\ a OLQeaU aSSUR[LPaWLRQ WR RXU ORVV 
fXQcWLRQ, WKe bLJJeU RXU VWeS WKe bLJJeU WKe aSSUR[LPaWLRQ 
eUURU. UVXaOO\ Ze VcaOe dRZQ WKe VWeS VL]e LQdLcaWed b\ WKe 
JUadLeQW b\ PXOWLSO\LQJ LW b\ a OeaUQLQJ UaWe Ș. TKLV YaOXe LV 
cKRVeQ b\ WULaO aQd eUURU, aQd UePaLQV cRQVWaQW WKURXJKRXW WKe 
VeaUcK. If RXU fXQcWLRQ LV QRQ-cRQYe[, JUadLeQW deVceQW dReVQ¶W 
KeOS XV ZLWK ORcaO PLQLPa ĺ add a bLW Rf UaQdRPQeVV 
 
SRPeWLPeV \RXU ORVV fXQcWLRQ VKRXOd QRW be WKe VaPe aV \RXU 
eYaOXaWLRQ fXQcWLRQ. 
LRVV fXQcWLRQV VeUYe WZR SXUSRVeV:  

1. WR e[SUeVV ZKaW TXaOLW\ Ze ZaQW WR Pa[LPLVe LQ RXU VeaUcK fRU a JRRd PRdeO 
2. WR SURYLde a VPRRWK ORVV VXUface( VR WKaW WKe VeaUcK fRU a PLQLPXP caQ be SeUfRUPed 

effLcLeQWO\) 
 
Lecture 3: Methodolog\ 1 
 
Class imbalance ​= WKe SURSRUWLRQ Rf WKe SRVLWLYe cOaVV LV VR VPaOO LQ UeOaWLRQ WR WKe QeJaWLYe 
cOaVV WKaW WKe accXUac\ dReVQ¶W PeaQ aQ\WKLQJ. FRU e[aPSOe: \RX cUeaWe a cOaVVLfLcaWLRQ 
PRdeO aQd JeW 90% accXUac\ LPPedLaWeO\, bXW \RX dLVcRYeU WKaW 90% Rf WKe daWa beORQJV WR 
RQe cOaVV. ​DR QRW aVVXPe a KLJK accXUac\ LV a JRRd accXUac\! 
Cost imbalance ​= WKe cRVW Rf JeWWLQJ LW ZURQJ Za\ RQe Za\ YV WKe RWKeU LV YeU\ dLffeUeQW. 
(dLaJQRVLQJ a KeaOWK\ SeUVRQ ZLWK caQceU (ORZeU) YV. dLaJQRVLQJ a SeUVRQ ZLWK caQceU aV 
KeaOWK\ (KLJKeU)) BRWK cRPe ZLWK a cRVW bXW QRW WKe VaPe cRVW (VSaP YV. KaP) 
 
TKe VLPSOeVW aQd PRVW XVefXO VaQLW\ cKecN fRU aQ\ PacKLQe OeaUQLQJ UeVeaUcK, LV WR XVe 
baselines ​ĺ a VLPSOe aSSURacK WR \RXU SURbOeP WR 
ZKLcK \RX cRPSaUe \RXU UeVXOWV: LW KeOSV WR caOLbUaWe 
\RXU e[SecWaWLRQV fRU a SaUWLcXOaU SeUfRUPaQce 
PeaVXUe RQ a SaUWLcXOaU WaVN. 
 
H\perparameters ​ aUe WKe SaUaPeWeUV WKaW aUe 
cKRVeQ, QRW OeaUQed fURP WKe daWa. 
How do we choose the hyper parameter? IdeaOO\, Ze 
WU\ a feZ aQd SLcN WKe beVW. HRZeYeU, LW ZRXOd be a 
PLVWaNe WR XVe WKe WeVW VeW fRU WKLV.  
 
DLffeUeQW WeVWV fRU accXUac\ Pa\ JLYe dLffeUeQW UeVXOWV, 
becaXVe Rf ​WRR VPaOO WeVW daWa ​ RU ​WeVWLQJ WRR PaQ\ 
dLffeUeQW WKLQJV RQ RQe WeVW VeW.  
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AfWeU \RX¶Ye VSOLW Rff a WeVW aQd YaOLdaWLRQ VeW, \RX Pa\ be OefW 
ZLWK YeU\ OLWWOe WUaLQLQJ daWa ĺ ​Cross validation​= YRX VSOLW 
\RXU daWa LQWR 5 cKXQNV aQd fRU eacK VSecLfLc cKRLce Rf 
hyperparameters WKaW \RX ZaQW WR WeVW, \RX dR fLYe UXQV: eacK 
ZLWK RQe Rf WKe fROdV aV YaOLdaWLRQ daWa. YRX WKeQ aYeUaJe WKe 
VcRUeV Rf WKeVe UXQV ĺ TKLV caQ be cRVWO\ (fRU eYeU\ 
SaUaPeWeU WeVW aQd WUaLQ 5 WLPeV), bXW \RX eQVXUe WKaW eYeU\ 
LQVWaQce KaV beeQ XVed aV a WUaLQLQJ e[aPSOe RQce. 
 
Confusion matri[/ contingenc\ table 
We caOO accXUaWeO\ cOaVVLfLed LQVWaQceV ​WUXe SRVLWLYeV aQd WUXe QeJaWLYeV​. 
MLVcOaVVLfLcaWLRQV aUe caOOed ​ faOVe SRVLWLYeV aQd faOVe QeJaWLYeV. 
true positive rate: ZKaW SURSRUWLRQ Rf WKe acWXaO SRVLWLYeV dLd Ze JeW ULJKW  
false positive rate: ZKaW SURSRUWLRQ Rf WKe acWXaO QeJaWLYeV dLd Ze JeW 
ZURQJ (b\ OabeOOLQJ WKeP aV SRVLWLYeV) 
 
ROC space 

 
BRWWRP OefW cRUQeU: cOaVVLfLeV QRWKLQJ aV WUXe. 
TRS ULJKW cRUQeU: cOaVVLfLeV eYeU\WKLQJ aV WUXe. EYeU\ dRW LV a 
cOaVVLfLeU 
 
 
 
 
 

 
Ranking/scoring classifier ĺ ​dReVQ¶W MXVW SURYLde cOaVVeV, LW aOVR JLYe a VcRUe Rf KRZ 
QeJaWLYe RU KRZ SRVLWLYe a SRLQW LV. We caQ XVe WKLV WR UaQN WKe SRLQWV fURP PRVW QeJaWLYe WR 
PRVW SRVLWLYe, b\  PeaVXULQJ WKe dLVWaQce WR WKe decLVLRQ bRXQdaU\.  
 
FRU eYeU\ SaLU Rf RQe SRVLWLYe aQd RQe QeJaWLYe LQVWaQce, WKe UaQNLQJ cOaVVLfLeU VKRXOd UaQN 
WKe QeJaWLYe ORZeU WKaQ WKe SRVLWLYe. If LW faLOV WR dR VR (OLNe ZLWK WKe SaLU (], J)) Ze caOO WKaW a 
ranking error. We caQ QRZ VcaOe RXU cOaVVLfLeU fURP WLPLd WR bROd b\ PRYLQJ WKe decLVLRQ 
bRXQdaU\ fURP OefW WR ULJKW 
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Coverage matri[ = ​We caQ PaNe a bLJ PaWUL[ Rf aOO WKe SaLUV fRU ZKLcK Ze NQRZ KRZ WKe\ 
VKRXOd be UaQNed: QeJaWLYe SRLQWV RQ WKe KRUL]RQWaO a[LV, SRVLWLYe RQ WKe YeUWLcaO. TKe PRUe 
VXUe Ze aUe WKaW a SRLQW LV SRVLWLYe, WKe cORVeU Ze SXW LW WR WKe bRWWRP OefW cRUQeU. MaWUL[ Ued = 
WKe SURbabLOLW\ Rf PaNLQJ a UaQNLQJ eUURU 
 
NRUPaOL]LQJ WKe cRYeUaJe PaWUL[ JLYeV XV WKe ROC VSace. We caQ Vee WKaW WKe aUea XQdeU 
WKe ROC cXUYe WUaced RXW b\ WKe cOaVVLfLeU LV ​aQ eVWLPaWe Rf WKe (SURbabLOLW\ WKaW Ze aUe JRLQJ 
WR PaNe a UaQNLQJ eUURU) 
TKe bLJJeU WKe AUC, WKe beWWeU WKe cOaVVLfLeU.  
 
AccXUac\ LV a PeWULc fRU a VLQJOe cOaVVLfLeU. AUC LV a PeWULc fRU a ​collection of classifiers, 
XVXaOO\ fURP a UaQNLQJ cOaVVLfLeU ĺ KRZ WR WXUQ a cOaVVLfLeU LQWR a UaQNLQJ cOaVVLfLeU, deSeQdV 
RQ WKe W\Se Rf cOaVVLfLeU. 
AUC LV a JRRd PeWULc Lf Ze dRQ¶W NQRZ WKe UeOaWLYe LPSRUWaQce Rf WKe 
cOaVVeV, RU Lf WKe cOaVVeV aUe XQbaOaQced. (cOaVV/cRVW LPbaOaQce) 
FLQaOO\, VeW a WKUeVKROd fRU WKe ROC cXUYe. 
 
should we do statistical tests in ML at all? 
� MaNeV ML e[SeULPeQWaWLRQ dLffLcXOW. LRWV Rf dLVaJUeePeQW. 
� PeRSOe RYeUeVWLPaWe WKe YaOXe Rf VWaWLVWLcaO aQaO\VeV. 
� DReV QRW SURPRWe WKe beVW PeWKRdV 
� TKe XOWLPaWe YaOLdaWLRQ Rf UeVeaUcK LV REPLICATION 
 
Error bars ​PRVW cRPPRQ RSWLRQV: - VWaQdaUd deYLaWLRQ - VWaQdaUd 
eUURU - cRQfLdeQce LQWeUYaO 
standard deviation​ =  PeaVXUe Rf ​spread, YaULaQce (VaPSOe PRUe ĺ 
PRUe accXUaWe 
standard error, confidence interval​ = PeaVXUeV Rf cRQfLdeQce (PRUe daWa ĺ VPaOOeU) 
 
Standard error (of the) mean (SEM)  
If Ze VaPSOe daWa PXOWLSOe WLPeV aQd caOcXOaWe WKe PeaQ (aOVR a UaQdRP YaULabOe, becaXVe Lf 
Ze VaPSOe aJaLQ, Ze JeW a dLffeUeQW PeaQ). SEM LV WKe dLVWULbXWLRQ Rf WKe ZKROe VaPSOLQJ 
SURceVV. TKe QeZ dLVWULbXWLRQ LV UeOaWed bXW PRUe QaUURZ VLQce WKeUe LV OeVV YaULaQce. 
SEM= VWaQdaUd deYLaWLRQ RULJLQaO dLVWULbXWLRQ / VTXaUe URRW Q (VaPSOe VL]e)  
If RULJLQaO dLVWULbXWLRQ LV QRUPaO, VR LV WKe VaPSOe. TKe bRWWRP dLVWULbXWLRQ LV a SWXdeQW¶V-W 
dLVWULbXWLRQ. FRU OaUJe eQRXJK VaPSOe VL]eV (PRUe WKaQ 100), Ze caQ WUeaW WKLV aV a QRUPaO 
dLVWULbXWLRQ. OQe Rf WKe UeaVRQV WKaW WKe QRUPaO dLVWULbXWLRQ LV VR SRSXOaU LV WKaW LW KaV a 
defLQLWe VcaOe. 
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CRQfLdeQce LQWeUYaOV:  
DRQ¶W Va\​: WKe SURbabLOLW\ WKaW WKe WUXe PeaQ LV LQ WKe cRQfLdeQce LQWeUYaO LV 95%. 
DR Va\: ​If Ze UeSeaW WKe e[SeULPeQW PaQ\ WLPeV, cRPSXWLQJ WKe cRQfLdeQce LQWeUYaO fURP a 
UaQdRP VaPSOe; WKe WUXe PeaQ ZRXOd be LQVLde WKe LQWeUYaO LQ 95% Rf WKRVe e[SeULPeQWV. 
 
If WKe SEM eUURU baUV dR QRW RYeUOaS, WKeUe Pa\ RU Pa\ QRW be a VLJQLfLcaQW dLffeUeQce. If WKe 
cRQfLdeQce LQWeUYaO eUURU baUV dR RYeUOaS, WKeUe Pa\ VWLOO be a VLJQLfLcaQW dLffeUeQce, 
deSeQdLQJ RQ KRZ PXcK WKe\ RYeUOaS 

 
 
ZK\ XVe VWaWLVWLcV LQ ML? � WR VKRZ cRQfLdeQce � WR VKRZ VSUead 
 
bootstrapping ​= ​sample with replacement XQWLO \RX KaYe a daWaVeW Rf WKe VaPe VL]e aV WKe 
ZKROe daWaVeW. SRPe SRLQWV Pa\ be LQ WKeUe PXOWLSOe WLPeV, RQce RU QRW aW aOO. 
OQ aYeUaJe, abRXW 63.2% Rf WKe daWaVeW ZLOO be LQcOXded. TKe UeVW ZLOO be dXSOLcaWed 
LQVWaQceV. EacK bRRWVWUaSSed VaPSOe OeWV \RX UeSeaW \RXU e[SeULPeQW.  
NRWe WKaW VRPe cOaVVLfLeUV ZLOO UeVSRQd SRRUO\ WR WKe SUeVeQce Rf dXSOLcaWe LQVWaQceV! BeWWeU 
WKaQ cURVV YaOLdaWLRQ fRU VPaOO(eU) daWaVeWV. 
 
The no-free-lunch theorem(s) 
 ³« aQ\ WZR RSWLPL]aWLRQ aOJRULWKPV(/cOaVVLfLeU) aUe eTXLYaOeQW ZKeQ WKeLU SeUfRUPaQce LV 
aYeUaJed acURVV aOO SRVVLbOe SURbOePV´ ĺ QR VLQJOe beVW cOaVVLfLeU! 
AccRUdLQJ WR WKe NFL WKeRUeP, WKeUe aUe aV PaQ\ daWaVeWV X fRU ZKLcK C beaWV D aV WKeUe 
aUe fRU ZKLcK D beaWV C. 
 
The universal distribution 
NRW aOO daWaVeWV aUe cUeaWed eTXaO. TKe daWaVeWV fRU ZKLcK RXU PeWKRd ZRUNV, aUe WKe OLNeO\ 
RQeV. TKe XQLYeUVe ³JeQeUaWeV´ daWa fRU ZKLcK RXU PeWKRdV ZRUN: 
� CRPSUeVVLbOe daWa & SLPSOe daWa 
TKe daWaVeWV WKaW dRQ¶W ZRUN aUeQ¶W VeOecWed, becaXVe WKe\ ORRN UaQdRP WR XV 
 
NR fUee OXQcK SULQcLSOe: µ ​There is no single best learning method. Whether an algorithm is 
good, depends on the domain¶ 
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Occam¶s ra]or ĺ ³TKe VLPSOeVW e[SOaQaWLRQ LV RfWeQ WKe beVW´ We VKRXOd bLaV RXU aOJRULWKPV 
WRZaUdV VLPSOe PRdeOV. IW UedXceV RYeUfLWWLQJ, KeOSV JeQeUaOL]aWLRQ 
 
Lecture 4: Methodolog\ 2 
 
COeaQLQJ \RXU daWa: PLVVLQJ daWa & RXWOLeUV 
SROXWLRQ:  

- UePRYe WKe feaWXUe(V) (f.e. ZKROe cROXPQ) fRU ZKLcK WKeUe aUe YaOXeV PLVVLQJ. If OXcN\, 
WKe feaWXUe LV QRW LPSRUWaQW aQ\Za\. 

- UePRYe WKe LQVWaQceV (L.e. WKe URZV) ZLWK PLVVLQJ daWa. If WKe daWa ZaV QRW cRUUXSWed 
uniforml\,​ UePRYLQJ URZV ZLWK PLVVLQJ YaOXeV ZLOO cKaQJe \RXU daWa dLVWULbXWLRQ ĺ 
fRU e[aPSOe, Lf RQO\ a ceUWaLQ JURXS dLd QRW aQVZeU a TXeVWLRQ 

 
WKeQ UePRYLQJ LQVWaQceV/feaWXUeV, WKLQN abRXW WKe REAL-WORLD XVe caVe. CaQ \RX 
e[SecW PLVVLQJ daWa WKeUe WRR, RU ZLOO WKaW daWa be cOeaQ aOUead\? 
 
WLOO \RX JeW PLVVLQJ YaOXeV LQ SURdXcWLRQ? 
YES: KeeS WKeP LQ WKe WeVW VeW, aQd PaNe a PRdeO WKaW caQ cRQVXPe WKeP. 
NO: GeW a WeVW VeW ​without missing values, aQd WeVW dLffeUeQW PeWKRdV fRU cRPSOeWLQJ WKe 
daWa. 
 
GXeVV WKe PLVVLQJ YaOXeV (=LPSXWaWLRQ) 

➔ caWeJRULcaO daWa: XVe WKe PRde 
➔ QXPeULcaO daWa: XVe WKe PeaQ 
➔ PaNe WKe feaWXUe a WaUJeW YaOXe aQd WUaLQ a PRdeO (NNN, OLQeaU UeJUeVVLRQ, eWc.) 

 
OXWOLeUV caQ be PeaVXUePeQW eUURUV, RU MXVW e[WUePe YaOXeV. IQ WKe OaWWeU caVe, WKe PRdeO 
QeedV WR be adaSWed.  
 
Are they mistakes? 
YeV: deaO ZLWK WKeP 
NR: OeaYe WKeP be. CKecN Lf \RXU PRdeO aVVXPeV QRUPaOLW\. 
Can we expect them in production? 
YeV: MaNe VXUe WKe PRdeO caQ deaO ZLWK WKeP (UePRYe RU ZRUN WKeP LQWR WKe PRdeO) 
NR: RePRYe. GeW a WeVW VeW WKaW UeSUeVeQWV WKe SURdXcWLRQ VLWXaWLRQ. 
 
EYeQ Lf \RXU daWa cRPeV LQ a (cRPSOeWe) WabOe, WKaW dReVQ¶W QeceVVaU\ PeaQ WKaW eYeU\ 
cROXPQ caQ be XVed aV a feaWXUe ULJKW aZa\ (RU WKaW WKLV ZRXOd be a JRRd aSSURacK). 
 
So what if our model only accepts numerical 
features? How do we feed it categorical data? 
1. Integer coding​ ĺ LPSRVLQJ a faOVe RUdeULQJ 
RQ XQRUdeUed daWa.  
2. One-hot coding/1-of-N coding​ ĺ WXUQLQJ RQe 
caWeJRULcaO feaWXUe LQWR VeYeUaO QXPeULc feaWXUeV. 
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PeU JeQUe Ze caQ Va\ ZKeWKeU LW aSSOLeV WR WKe LQVWaQce RU QRW. 
Linear classifiers/models are e[tremel\ simple to​ ​fit​. IW LV a 
SRZeUfXO PRdeO becaXVe LW caQ fLW PaQ\ QRQOLQeaU aVSecWV Rf WKe daWa. 
B\ addLQJ feaWXUeV Ze caQ PaNe LW XVeabOe. If Ze dRQ¶W KaYe aQ\ 
LQWXLWLRQ fRU ZKLcK e[WUa feaWXUeV PLJKW be ZRUWK addLQJ, Ze caQ MXVW 
add aOO cURVV SURdXcWV. OWKeU fXQcWLRQV Pa\ LQcOXde WKe VLQe RU WKe 
ORJaULWKP. (JUeeQ OLQe RULJLQaO, RUaQJe ZLWK added feaWXUeV) 
 

Normali]ation ĺ ​VcaOeV WKe daWa OLQeaUO\ VR WKaW WKe 
VPaOOeVW SRLQW becRPeV 0 aQd WKe OaUJeVW becRPeV 1. IQdeS. 
fRU eacK feaWXUe 
Zhitening ĺ ​UecaOO WKe daWa VR WKaW WKe PeaQ becRPeV 0, 
aQd WKe VWaQdaUd deYLaWLRQ becRPeV 1 ĺ WUaQVfRUPLQJ VR LW 
ORRNV OLNe a QRUPaO VWaQdaUd dLVWULbXWLRQ. 
If daWa XQcRUUeOaWed ĺ UedXced WR a QLce VSKeULcaO 
dLVWULbXWLRQ, ceQWeUed RQ WKe RULJLQ, ZLWK WKe VaPe YaULaQce LQ 
eacK dLUecWLRQ. 

If daWa cRUUeOaWed --> Ze JeW a dLffeUeQW UeVXOW. TKLV LV becaXVe Ze ZKLWeQ eacK feaWXUe 
LQdeSeQdeQWO\, aQd WKe feaWXUeV aUe QRW LQdeSeQdeQW.  
 
multivariate normal distribution (MVN)=​ a 
JeQeUaOLVaWLRQ Rf a RQe-dLPeQVLRQaO QRUPaO dLVWULbXWLRQ. IWV 
PeaQ LV a YecWRU (a VLQJOe SRLQW) aQd WKe VWaQdaUd 
deYLaWLRQ/YaULaQce LV deWeUPLQed b\ a V\PPeWULc PaWUL[ 
caOOed a cRYaULaQce PaWUL[. TKe YaOXeV RQ WKe dLaJRQaO 
LQdLcaWe KRZ PXcK YaULaQce WKeUe LV aORQJ eacK dLUecWLRQ. 
TKe Rff-dLaJRQaO eOePeQWV (OefW beORZ aQd ULJKW XS) LQdLcaWe 
KRZ PXcK cRYaULaQce/cRUUeOaWLRQ WKeUe LV beWZeeQ a[LV [ 
aQd \ (KRZ dLaJRQaOO\ VWUeWcKed LV WKe daWa). 
 
OQe YeU\ KeOSfXO Za\ WR WKLQN Rf MVNV LV aV WUaQVfRUPaWLRQV Rf a VLQJOe VWaQdaUd MVN. 
WK\ QRW XVe S=AA^T PeWKRd? WKeQ UebaVLQJ a daWaVeW, KRZ WKe ROd a[eV PaS WR WKe QeZ 
a[eV LV aUbLWUaU\ (ZKLcK Rf WKe QeZ a[eV ZLOO be a[LV 1 LV aQ aUbLWUaU\ cKRLce). We caQ acKLeYe 
VRPe YeU\ LQWeUeVWLQJ effecWV Lf Ze PaNe a PRUe cRQVLdeUed cKRLce. SSecLfLcaOO\, LQ WKe QeZ 
cRRUdLQaWeV, Ze¶d OLNe WKe a[eV WR be RUdeUed b\ YaULaQce: WKe fLUVW a[LV VKRXOd be WKe RQe 
aORQJ ZKLcK WKe YaULaQce LV WKe KLJKeVW. 
 
Eigenvector=​ A YecWRU LV aQ eLJeQYecWRU Rf a 
PaWUL[ Lf LW RQO\ JeWV VWUeWcKed (RU fOLSSed), bXW 
LWV dLUecWLRQ dReVQ¶W cKaQJe (bOXe OLQe LV 
eLJeQYecWRU).​ A YecWRU X LV aQ eLJeQYecWRU Rf A 
Lf PXOWLSO\LQJ A b\ X LV WKe VaPe aV PXOWLSO\ X 
b\ VRPe VcaOaU OaPbda. AX = ​ȜX. FRU VRPe 
PaWULceV, WKe eLJeQYecWRUV aOLJQ ZLWK WKe a[eV. 
TKaW LV, WKe QRUPaO baVLV YecWRUV aUe 
eLJeQYecWRUV. SXcK PaWULceV caOOed ​scaling 
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matrices ​aUe ]eUR eYeU\ZKeUe, e[ceSW RQ WKe dLaJRQaO.(ѿ  0 
       0   4/3) 

 
WKaW Lf RXU WUaQVfRUPaWLRQ LV QRW a VcaOLQJ PaWUL[? 
1. TUaQVfRUP WKe SLcWXUe VR WKaW WKe eLJeQYecWRUV aUe aOLJQed 
ZLWK WKe a[LV (UebaVe LW) (X) 
2. ASSO\ a VcaOLQJ PaWUL[ (]) 
3.  XQdR WKe cKaQJe Rf baVLV (Ze UeTXLUe WKaW U LV 
RUWKRQRUPaO, VR Ze caQ XVe UT) WR UeWXUQ WR WKe RULJLQaO 
cRRUdLQaWeV ĺ WUaQVfRUP WKe SLcWXUe bacN (WR RULJLQaO baVe) 
(X^W) 
 
We caQ decRPSRVe WKe PaWUL[ A LQWR (SURdXcW Rf WKUee 
PaWULceV) UZU^T 
TKLV LV caOOed ​singular value decomposition ĺ ​decRPSRVe 
RXU PaWUL[ LQWR WKeVe WZR PaWULceV U&Z. We caQ VeaUcK fRU U 
aQd Z WKURXJK VWRcKaVWLc JUadLeQW deVceQW. TKe OaVW bXOOeW 
SRLQW LV LPSRUWaQW. TKLV ZLOO eQVXUe WKaW LQ RXU QeZ 
cRRUdLQaWeV, WKe a[LV ​Zith the greatest variance/stretch 
Zill be the first.  
 
ĺ ​Principal component anal\sis (PCA) ​= a daWa 
QRUPaOLVaWLRQ PeWKRd WKaW WaNeV feaWXUe cRUUeOaWLRQV LQWR 
accRXQW.  
TKe fLUVW a[LV LV WKe RQe ZLWK WKe KLJKeVW eLJeQYaOXe = WKe 
dLUecWLRQ LQ ZKLcK RXU daWa KaV WKe PRVW YaULaQce. SecRQd 
a[LV/eLJeQYecWRU KaV WKe VecRQd bLJJeVW eLJeQYaOXe, dLUecWLRQ LQ 
ZKLcK LV WKe PRVW UeVLdXaO YaULaQce. IW​ LV JRRd fRU ZKLWeQLQJ WKe 
daWa, bXW aOVR fRU UedXcLQJ WKe QXPbeU Rf dLPeQVLRQV.  
If Ze UeSUeVeQW WKe SRLQWV Rf RXU daWa RQO\ b\ WKeLU fLUVW SULQcLSaO 
cRPSRQeQW, Ze SURMecW WKeP RQWR WKLV OLQe. IQ VRPe VeQVe, WKLV 
JLYe XV WKe beVW OLQeaU SURMecWLRQ Rf RXU daWa RQWR RQe 
dLPeQVLRQ.  
 
� E[SUeVVeV WKe daWa LQ QeZ cRRUdLQaWeV, aOLJQed ZLWK WKe 
cRYaULaQce. 
� TKe fLUVW cRRUdLQaWe (fLUVW SULQcLSaO cRPSRQeQW) LV WKe OLQe 
aORQJ ZKLcK WKe daWa KaV WKe PRVW YaULaQce. 
� TKe VecRQd cRRUdLQaWe LV WKe OLQe aORQJ ZKLcK WKe UePaLQLQJ 
YaULaQce LV WKe KLJKeVW (VR RQ) 
� ReSUeVeQWLQJ daWa b\ RQO\ LWV fLUVW N SULQcLSaO cRPSRQeQWV, LV a JUeaW daWa 
UedXcWLRQ/cRPSUeVVLRQ PeWKRd. 
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Lecture 5: Probabilistic models 1 
 
TZR NLQdV Rf SURbabLOLW\: 
1. ​In objective probabilit\,​ WKe SURbabLOLW\ WKaW ³X LV WKe caVe´ caQ RQO\ be defLQed aV WKe 
RXWcRPe Rf UeSeaWed e[SeULPeQWV. FRU LQVWaQce, WKe SURbabLOLW\ Rf UROOLQJ 6 ZLWK a faLU dLe, LV 
RQe LQ VL[. PURbabLOLW\ Rf X LV WKe VaPe fRU aOO SeRSOe UeJaUdOeVV Rf ZKaW Ze NQRZ RU dRQ¶W 
NQRZ. (​frequentism​: SURbabLOLW\ LV RQO\ a SURSeUW\ Rf UeSeaWed e[SeULPeQWV) 
 
2. ​Subjective probabilit\ ​ VWaWeV WKaW SURbabLOLW\ e[SUeVVeV RXU XQceUWaLQW\. If X LV a bRROeaQ 
YaULabOe, RQe WKaW LV WUXe RU QRW WUXe, aQd Ze aUe XQceUWaLQ ZKeWKeU X LV WUXe, Ze caQ aVVLJQ a 
SURbabLOLW\ WR X beLQJ WUXe ([=0-1) (​Ba\esianism​: SURbabLOLW\ LV aQ e[SUeVVLRQ Rf RXU 
XQceUWaLQW\ aQd Rf RXU beOLefV.) SXbMecWLYe YLeZ RQ WKe ZRUOd aQd SeRSOe 
 
SaPSOe VSace=  TKeVe aUe WKe RXWcRPeV RU WUXWKV WKaW Ze ZLVK WR PRdeO (Kead/WaLOV) 

1.  DLVcUeWe VaPSOe VSace = ZLWK OLPLWed YaOXeV, 1-6 eWc. 
2. CRQWLQXRXV VaPSOe VSace= fRU e[aPSOe ZLWK R (UeaO QXPbeUV) 

EYeQW VSace= aOO eYeQWV WKaW KaYe SURbabLOLW\ 
SRZeUVeW= WKe VeW Rf aOO VXbVeWV 
 
WKe LQYeUVLRQ SURbOeP/ba\eV¶ UXOe: IW¶V eaV\ WR e[SUeVV WKe 
SURbabLOLW\ Rf aQ RbVeUYabOe JLYeQ 
VRPe KLddeQ caXVe (aVVXPLQJ Ze KaYe a PRdeO Rf WKe ZRUOd). 
HRZeYeU, Ze XVXaOO\ ZaQW WKe RSSRVLWe 
 
TKeWa= SaUaPeWeU(V) 
ma[imum likelihood principle/estimation​ = cULWeULRQ XVed b\ 
fUeTXeQWLVWV. TKe\ Va\ WKaW WKe WKeWa \RX VKRXOd cKRRVe aVVXPLQJ WKe daWa, LV WKe RQe WKaW 
Pa[LPL]eV WKe fRUPXOa (--> SURbabLOLW\ Rf WKe daWa JLYeQ WKe SaUaPeWeU). YRX cKRRVe WKe 
cRQfLJXUaWLRQ Rf WKe PacKLQe XQdeU ZKLcK WKe daWa LV PRVW OLNeO\/fRU ZKLcK WKe KLJKeVW 
SURbabLOLW\ e[LVWV Rf VeeLQJ WKe daWa. PaUaPeWeUV dRQ¶W KaYe a SURbabLOLW\. 
 
Bayesians do not care for point estimates, they express their uncertainty 
about the value of the parameter as a probability distribution.​ S(ș)_ 
X)=SRVWeULRU, S(ș)=SULRU 
TKe SULRU e[SUeVVeV beOLefV LQ WKe YaOXeV Rf WKe SaUaPeWeUV ​befRUe ​ VeeLQJ 
WKe daWa (caQQRW be cRPSXWed, baVed RQ acWXaO beOLefV), WKe SRVWeULRU WeOOV \RX \RXU beOLefV 
afWeUZaUdV. 
 
Ma[imum a Posteriori (MAP) model= ​KaOfZa\ beWZeeQ fUeTXeQWLVW aQd ba\eVLaQ, PeWKRd 
dLVRZQed b\ bRWK. IW LV OLNe WKe Pa[LPXP OLNeOLKRRd PRdeO bXW ZLWK a SULRU. TaNe a SRLQW 
eVWLPaWe bXW dR WaNe LQ accRXQW WKe SULRU SURbabLOLW\ Rf ceUWaLQ PRdeOV/SaUaPeWeUV. OfWeQ 
beWWeU WKaQ Pa[LPXP OLNeOLKRRd SULQcLSOe. MXOWLSO\ OLNeOLKRRd ZLWK SULRU.

 
probabilistic classifiers ​= cOaVVLfLeUV WKaW UeWXUQ QRW MXVW a cOaVV fRU a JLYeQ [ (RU a UaQNLQJ) 
bXW a SURbabLOLW\ RYeU aOO cOaVVeV. NRWe WKaW a SURbabLOLVWLc cOaVVLfLeU LV aOVR LPPedLaWeO\ a 
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UaQNLQJ cOaVVLfLeU aQd a UeJXOaU cOaVVLfLeU. f.e. P(Y=VSaP_X) = 0.1, P(Y=KaP_X) = 0.9.  
We caQ XVe WKe SURbabLOLWLeV WR e[WUacW a UaQNLQJ (aQd SORW aQ ROC cXUYe) RU Ze caQ XVe WKe 
SURbabLOLWLeV WR aVVeVV KRZ ceUWaLQ WKe cOaVVLfLeU LV. If Ze dRQ¶W ZaQW WKe SURbabLOLWLeV, Ze caQ 
MXVW WXUQ LW LQWR a UeJXOaU cOaVVLfLeU b\ SLcNLQJ WKe cOaVV ZLWK WKe KLJKeVW SURbabLOLW\.  
 
two approaches: 
1. Discriminative approach​= ​learn a function/class distribution for p(Y_X) directly. IW 
fXQcWLRQV aV a NLQd Rf UeJUeVVLRQ, ZKeUe Ze PaS [ WR a (feaWXUe) YecWRU Rf cOaVV SURbabLOLWLeV 
ĺ dLVcULPLQaWe beWZeeQ X¶V Rf RQe cOaVV aQd X¶V Rf RWKeU cOaVV. 
2. Generative approach​= ​learn p(x_y) and p(y). S(Y_X) ∝S(X_Y)S(Y). AOVR SURdXceV cOaVV 
SURbabLOLWLeV, bXW JReV WKe ORQJ Za\ URXQd. ​It learns a distribution p(Y) (ZKLcK LV XVXaOO\ eaV\ 
WR eVWLPaWe fURP WKe daWa) aQd, PRUe LPSRUWaQWO\,​ it learns a distribution of points given the 
clasV ĺ JeQeUaWLYe becaXVe Lf \RX KaYe WKLV SURbabLOLW\ dLVWULbXWLRQ WKeQ \RX caQ baVLcaOO\ 
VaPSOe fURP LW VR \RX caQ VaPSOe cOaVV SURbabLOLWLeV fURP WKLV SURbabLOLW\ dLVWULbXWLRQ. 
 
GeQeUaWLYe: Ba\eVLaQ cOaVVLfLeU: 

 
TKLV ZRUNV ZeOO fRU VPaOO QXPbeUV Rf feaWXUeV, bXW Lf Ze KaYe PaQ\ feaWXUeV, PRdeOOLQJ WKe 
deSeQdeQce beWZeeQ eacK SaLU Rf feaWXUeV JeWV YeU\ e[SeQVLYe. A cUXde, bXW YeU\ effecWLYe 
VROXWLRQ LV ​Naive Ba\es=​ MXVW aVVXPeV WKaW aOO feaWXUeV aUe LQdeSeQdeQW, cRQdLWLRQaO RQ 
WKe cOaVV. S(X1, X2 _ Y) = S(X1 _ Y)S(X2 _ Y) (JeQeUaWLYe) 
IW VeOecWV aOO ePaLOV Rf RQe cOaVV, aQd WKeQ eVWLPaWeV WKe SURbabLOLW\ WKaW X1 ZLOO be T aV WKe 
UeOaWLYe fUeTXeQc\ Rf ePaLOV fRU ZKLcK X1 ZaV T LQ WKe WUaLQLQJ VeW. DR WKe VaPe fRU aOO 
feaWXUeV. S([=T_VSaP)=⅗, S([=F_VSaP)=⅖  
If WKLQJ LQ NaLYe Ba\eV 0, ZKROe fRUPXOa 0. TR VROYe WKLV: 
 
Laplace smoothing​: ​add pseudo-observationV WR aYRLd ]eUR SURbabLOLWLeV. FRU eacK SRVVLbOe 
YaOXe, Ze add aQ LQVWaQce ZKeUe aOO WKe feaWXUeV KaYe WKaW YaOXe. fRU e[aPSOe, Ze add fRU 
VSaP & KaP a URZ ZKeUe bRWK aUe T aQd bRWK aUe F. 
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prefi[-free code ​ = aVVLJQ a SUefL[ fUee cRde WR WKe VeW Rf 
RXWcRPeV (Ze MXVW UeSOace KeadV aQd WaLOV ZLWK ]eURV aQd 
RQeV). TKe beQefLW LV WKaW Lf Ze ZaQW WR eQcRde a VeTXeQce 
Rf WKeVe RXWcRPeV, Ze caQ MXVW VWLcN WKe cRde RQe afWeU 
aQRWKeU aQd Ze ZRQ¶W Qeed aQ\ deOLPLWeUV. A decRdeU ZLOO 
NQRZ e[acWO\ ZKeUe eacK cRdeZRUd eQdV aQd WKe Qe[W 
beJLQV. 
 
XVed LQ ​Arithmetic coding ĺ ​IW WXUQV RXW Ze caQ PRdeO 
aOPRVW aQ\ dLVWULbXWLRQ LQ VXcK a Za\ WKaW WKe bLJJeVW 
dLffeUeQce LQ cRdeOeQJWK LV QR OaUJeU WKaQ a bLW. 
The higher the probability of an outcome, the shorter its 
codelength. 
UVXaOO\ LQWeUeVWed LQ KaYe KLJK cRde OeQJWKV, VR RQe bLW caQ be LJQRUed. EYeU\ cRde JLYeV XV 
a dLVWULbXWLRQ aQd eYeU\ dLVWULbXWLRQ JLYeV XV a cRde. 
 
the Minimum Description Length Principle/ MDL(measured in bits) = ​A PRdeO WKaW 
aOORZV XV WR cRPSUeVV WKe daWa LV a PRdeO WKaW KaV OeaUQed VRPeWKLQJ abRXW WKe daWa. TKe 
beWWeU WKe cRPSUeVVLRQ, WKe PRUe Ze¶Ye OeaUQed. BaOaQce PRdeO cRPSOe[LW\ b\ VWRULQJ WKe 
PRdeO, aQd WKeQ WKe daWa JLYeQ WKe PRdeO. IQfRUPaOO\ VWaWeV WKaW cRPSUeVVLRQ aQd OeaUQLQJ 
aUe VWURQJO\ UeOaWed. 
 
TKe beVW Za\ WR WKLQN Rf MDL PRdeO VeOecWLRQ LV LQ a VeQdeU aQd UeceLYeU fUaPeZRUN. TKe 
VeQdeU LV JRLQJ WR Vee VRPe daWa, aQd LV JRLQJ WR VeQd LW WR WKe UeceLYeV. BefRUe RbVeUYLQJ 
WKe daWa, WKe VeQdeU aQd UeceLYeU aUe aOORZed WR cRPe XS ZLWK aQ\ VcKePe WKe\ OLNe. BXW 
afWeUZaUdV, WKe daWa PXVW be VeQW XVLQJ WKe VcKePe, aQd LQ a Za\ WKaW LV SeUfecWO\ decRdabOe 
b\ WKe UeceLYeU ZLWKRXW fXUWKeU cRPPXQLcaWLRQ. We XVXaOO\ aVVXPe WKaW WKeUe LV VRPe 
OaQJXaJe WR deVcULbe a PRdeO WKaW WKe VeQdeU cKRRVeV. TKe VeQdeU deVcULbed WKe PRdeO aQd 
WKeQ WKe daWa JLYeQ WKe PRdeO. SeQdeU ĺ daWa ĺ UeceLYeU. MLQLPL]LQJ WKe WRWaO deVcULSWLRQ 
OeQJWK LV eTXLYaOeQW WR Pa[LPL]LQJ WKe QXPeUaWRU Rf Ba\eV¶ UXOe (WKe deQRPLQaWRU dReVQ¶W 
affecW WKe aUJPa[). 
 
Entrop\ ​ĺ PeaVXUe Rf XQLfRUPLW\ (/ceUWaLQW\) H(S): TKe PRUe XQLfRUP RXU dLVWULbXWLRQ LV (WKe 
PRUe XQVXUe Ze aUe) WKe KLJKeU WKe eQWURS\. PeaVXUed LQ cRdeOeQJWV, e[SUeVVed LQ bLWV 
Cross entrop\ ​= e[SecWed cRde OeQJWK Lf Ze XVe T, bXW WKe daWa cRPeV fURP S 
S(X): WKe VRXUce Rf RXU daWa T(X): RXU PRdeO. PLQLPaO ZKeQ S=T (aQd eTXaO WR WKe eQWURS\). 
KL divergence=​ e[SecWed dLffeUeQce LQ cRde OeQJWK beWZeeQ S aQd T. OU, dLffeUeQce LQ 
e[SecWed cRde OeQJWK 
H(S, T) aQd KL(S, T): GRRd PeaVXUeV Rf dLVWaQce beWZeeQ 
PRdeO aQd WUXWK. 
 
the least squares classifier= ​Lf fXQcWLRQ KLJKeU WKaQ 1, aVVLJQ 
WKLV cOaVV aQd ORZeU WKaQ 1, aVVLJQ RWKeU cOaVV. VeW aOO SRLQWV 
KLJKeU RU ORZeU WKaQ 0, aQd fLW WKe SRLQWV ZLWK UeJUeVVLRQ. TKe 
QXPbeUV aUe VTXaUed, VR Lf \RX SXOO WKeP WZLce, cRPe bacN 4[. 
TKLQN Rf WKeP aV UXbbeU baQdV> SXOO KaUdeU fXUWKeU dRZQ OLQe 
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HoZever, ​RWKeU RSWLRQ: LQVWead Rf JLYLQJ Ued aQd bOXe 
aUbLWUaU\ YaOXeV, Ze JLYeQ WKeP SURbabLOLWLeV: WKe 
SURbabLOLW\ Rf beLQJ bOXe, ZKLcK LV 1 fRU aOO bOXe SRLQWV aQd 
Ued fRU aOO Ued SRLQWV ĺ VWLOO VLPLOaU WR OLQeaU cOaVVLfLeU, VWLOO 
VaPe UaQJe ĺ  ​what we need, is a way to squee]e that 
whole range into the range [0, 1] ĺ ​logistic sigmoid​: 
dRPaLQ/LQSXW LV WKe eQWLUe UeaO QXPbeU OLQe (​-� till +�) 
aQd WKe UaQJe/RXWSXW LV [0,1].  
AQ LQWeUeVWLQJ SURSeUW\ Rf WKe ORJLVWLc VLJPRLd LV WKe 
symmetry JLYeQ LQ WKe VecRQd OLQe. TKe UePaLQdeU 
beWZeeQ VLJPa(W) aQd 1, LV LWVeOf a VLJPRLd UXQQLQJ LQ WKe RWKeU dLUecWLRQ.  
ASSO\LQJ WKe VLJPRLd WR WKe RXWSXW Rf RXU OLQeaU fXQcWLRQ JLYeV XV a QLce SURbabLOLW\ 
dLVWULbXWLRQ fRU aOO SRLQWV LQ RXU feaWXUe VSace.  
 
UVe VLJPRLd fXQcWLRQ WR WXUQ a OLQeaU cOaVVLfLeU LQWR a dLVcULPLQaWLYe SURbabLOLVWLc cOaVVLfLeU: 
Logistic regression ĺ ​UVe ​cURVV eQWURS\​ ORVV WR fLQd JRRd YaOXeV. DeULYe WKe ​JUadLeQW​ aQd 
VeaUcK fRU JRRd ZeLJKWV. NR aQaO\WLcaO VROXWLRQ, bXW WKe SURbOeP LV cRQYe[. SXPV WKe 
UeVLdXaOV fRU ORVV fXQcWLRQ. PRLQWV cORVe WR WKe decLVLRQ bRXQdaU\ OaUJe LQfOXeQce, SRLQWV faU 
aZa\ aOPRVW QR LQfOXeQce aW aOO. 
 
Lecture 6: Deep learning 1 
³DeeS OeaUQLQJ LV a QeZ QaPe fRU QeXUaO QeWZRUNV.´  
 
TKLV LV WKe ​perceptron​: a VLPSOLfLed PRdeO Rf a VLQJOe QeXURQ 
(bUaLQ ceOO). IW WaNeV a QXPbeU Rf LQSXWV (WKe feaWXUeV), PXOWLSOLeV 
eacK b\ a VeSaUaWe ZeLJKW aQd VXP WKeP. See Lf WKe\ aUe 
bLJJeU RU VPaOOeU WKaQ 0, WKeQ LWV RQe cOaVV, RWKeUZLVe LW'V 
aQRWKeU. 
TKe cKaOOeQJe LV WR cKRRVe WKe ZeLJKWV VR WKaW WKe SeUceSWURQ 
cOaVVLfLeV cRUUecWO\. NRWe WKe bLaV QRde, aQ LQSXW QRde WKaW LV 
fL[ed WR 1. SLPLOaU WR a OLQeaU cOaVVLfLeU. TKe bUaLQ cRQWaLQV PaQ\ 
ceOOV. UOWLPaWeO\, Ze ZaQW WR cKaLQ WKeVe SeUceSWURQV WRJeWKeU, 
cRQQecWLQJ WKLV RQe¶V RXWSXW WR WKe LQSXW Rf aQRWKeU RQe, aQd 
bXLOd PRdeOV RXW Rf PXOWLSOe SeUceSWURQV ĺ add VRPe 
QRQ-OLQeaULW\ (acWLYaWLRQ fXQcWLRQ/VLJPRLd fXQcWLRQ) 
 
MRVW SRSXOaU Za\ WR cRPbLQe WKeVe ĺ ​multila\er perceptron. 
SWaUW ZLWK 1 Oa\eU Rf LQSXW XQLWV, WKeQ RQe Oa\eU caOOed WKe KLddeQ 
Oa\eU Rf WKeVe VLJPRLd RXWSXWV. EYeU\ QRde RQ WKe LQSXW Oa\eU LV 
cRQQecWed WR eYeU\ QRde RQ WKe KLddeQ Oa\eU, aQd WKeQ Ze PRYe 
eYeU\WKLQJ WR aQ RXWSXW Oa\eU. BeWZeeQ Oa\eUV eYeU\WKLQJ 
cRQQecWed, bXW ZLWKLQ a Oa\eU QR QRdeV aUe cRQQecWed. UVXaOO\ 1 
KLddeQ Oa\eUĺ cRQWaLQV VLJPRLd acWLYaWLRQ fXQcWLRQV. 
 
Tensors = ​baVLc bXLOdLQJ bORcNV Rf QeXUaO QeWZRUNV, JeQeUaOL]aWLRQ Rf 
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ZKaW a PaWUL[ LV. DaWa (YecWRU 1, PaWUL[ 2), LPaJeV (3) aQd LPaJe daWaVeWV (4) caQ aOVR be 
e[SUeVVed LQ WeQVRUV. 
TKeQ, Ze bXLOd Oa\eUV ZLWK WKeVe WeQVRUV: 
generic ³la\er´=​ AQ\ dLffeUeQWLabOe fXQcWLRQ fURP RQe WeQVRU WR aQRWKeU WeQVRU caQ be a 
Oa\eU. 
Dense la\er (MLP)​: YecWRU-WR-YecWRU Oa\eU, SaUaPeWeUL]ed b\ a ZeLJKW PaWUL[ W. LQSXW * 
ZeLJKW ĺ RXWSXW 
NRQ OLQeaU acWLYaWLRQV (VXcK aV VLJPRLd) aUe XVXaOO\ defLQed aV VeSaUaWe Oa\eUV ĺ caOOed 
acWLYaWLRQ µOa\eUV¶ 
 
HRZ dR Ze cKRRVe WKe ULJKW ZeLJKWV/SaUaPeWeUV? 
TXUQ JUadLeQW deVceQW LQWR ​stochastic gradient descent, ​WKeQ Ze WXUQ WKaW LQWR 
backpropagation (​VWaUWV ZLWK cRPSXWLQJ WKe ORVV fRU WKe JUadLeQW aQd SURSaJaWeV WKe 
JUadLeQW/eUURU dRZQ WKe QeWZRUN) 
 
stochastic gradient descent ĺ ​aQ adaSWLRQ WR WKe JUadLeQW deVceQW, VR LW caQ be XVed fRU 
OaUJeU daWaVeWV. MeWKRd:​ ​MXVW SLcNV RQe daWa SRLQW, cRPSXWe WKe JUadLeQW Rf WKe ORVV ZLWK 
UeVSecW WR MXVW​ WKaW RQe daWa SRLQW (LQVWead Rf RYeU ZKROe daWaVeW)​. WKeQ \RX WaNe a VWeS LQ WKe 
RSSRVLWe dLUecWLRQ Rf WKe JUadLeQW fRU eYeU\ daWa SRLQW. MRYe aURXQd PRUe UaQdRP. ​ORRNV aW 
VPaOO cKXQNV Rf WKe daWa SeU LWeUaWLRQ.​ aOVR SLcN a ORVV fXQcWLRQ(MSE fRU UeJUeVVLRQ, cURVV 
eQWURS\ fRU cOaVVLfLcaWLRQ) 
� FaVW, ORZ PePRU\ RYeUKead 
� GUadLeQWV aYeUaJe RXW RYeU PaQ\ LWeUaWLRQV WR WKe fXOOdaWa JUadLeQW.  
� Added VWRcKaVWLcLW\ KeOSV WR eVcaSe ORcaO Pa[LPa.  
� baWcK VL]e: WXQeV VWRcKaVWLcLW\ aV ZeOO aV PePRU\ XVe (PLQLbaWcKLQJ: cRPSXWe ORVV RYeU 
baWcK/VPaOO QXPbeU Rf SRLQWV) 
 
Automatic differentiation/ autodiff/ backpropagationĺ ​CRPSXWeV WKe JUadLeQW fRU aOO 
ZeLJKWV LQ aOO Oa\eUV.​ KaOf QXPeULcaOO\ (ORcaOO\, VKaSe Rf fXQcWLRQ) aQd KaOf V\PbROLcaOO\ 
(JORbaOO\, QXPeULc aSSUR[LPaWLRQV) WR fLQd JUadLeQW. If Ze deVcULbe RXU V\VWeP aV a 
cRPSRVLWLRQ Rf PRdXOeV (PRdXOaU), UeSeaWed aSSOLcaWLRQ Rf WKe cKaLQ UXOe WXUQV WKe JUadLeQW 
LQWR WKe SURdXcW Rf WKe JUadLeQW Rf eacK PRdXOe ZLWK UeVSecW WR LWV aUJXPeQWV. 
IW dLVWULbXWeV WKe eUURU bacN dRZQ WKe QeXUaO QeWZRUN (RU aQ\ RWKeU cRPSXWaWLRQ JUaSK). > 
XVed WR WUaLQ QeXUaO QeWZRUNV 
 
We dRQ¶W deULYe a fXOO V\PbROLc e[SUeVVLRQ fRU WKe JUadLeQW. BXW Ze dR XVe WKe facW WKaW Ze 
KaYe a V\PbROLc (dLffeUeQWLabOe) e[SUeVVLRQ fRU WKe fXQcWLRQ LWVeOf. AXWRPaWLc dLffeUeQWLaWLRQ LV 
YeU\ SUecLVe, aQd UeTXLUeV QR PRUe PePRU\ RU WLPe WKaQ WKe fRUZaUd SaVV.  
 
ForZard pass:​ [=0 ĺ cRPSXWe WKe deULYaWLYe ZLWK UeVSecW WR a VSecLfLc RXWSXW. PLcN X. 
FRUZaUd SaVV cRPSXWeV WKe RXWSXW, ​backZard pass ​cRPSXWeV \RXU JUadLeQW. YRX dRQ¶W 
Qeed aQ aXWRdLff V\VWeP OLNe WeQVRUfORZ WR LPSOePeQW bacNSURS. YRX caQ aOVR dR LW PaQXaOO\ 
fRU a JLYeQ QeWZRUN (bacNSURS LV PXcK ROdeU WKaQ V\VWePV OLNe WeQVRUfORZ).  
 
Multivariate chain rule ​: cRPeV LQWR effecW ZKeQ WKe RXWSXW deSeQdV RQ a ZeLJKW aORQJ 
PXOWLSOe SaWKV LQ WKe cRPSXWaWLRQ JUaSK: VXP WKeP aQd XVe cKaLQ UXOe. FRU LQVWaQce ZKeQ 
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Ze cRPSXWe WKe ORVV fXQcWLRQ RYeU a baWcK Rf PXOWLSOe daWa SRLQW. 
IV Qeeded ZKeQ WKe RXWSXW deSeQdV RQ RQe Rf WKe YaULabOeV fRU ZKLcK Ze aUe WaNLQJ WKe 
deULYaWLYe. NeYeU WaNe WKe deULYaWLYe ZLWK UeVSecW WR [ (WKe LQSXW), RQO\ ZLWK UeVSecW WR WKe 
ZeLJKWV. 
 
rules for autodiff systems:  
1. CRPSXWaWLRQ JUaSK LV a DAG > dLUecWed ac\cOLc JUaSK (VR QR c\cOeV) 
2. IQSXWV, LQWeUPedLaWeV, ZeLJKWV aUe WeQVRUV.  
3. OXWSXW LV a VLQJOe VcaOaU (1 QXPbeU). CRPSXWaWLRQ JUaSK cRQWaLQV WKe PRdeO aQd WKe ORVV. 
4. NRdeV (aNa fXQcWLRQV RU RSV) LPSOePeQW fRUZaUd aQd bacNZaUd.  
 
WKeQ addLQJ Oa\eUV: LQLWLaO ZeLJKWV VKRXOd NeeS WKe daWa ceQWeUed, aQd WKe YaULaQce VWabOe 
initiali]ation ĺ ​ PaNe VXUe \RXU daWa LV QRUPaOL]ed/ZKLWeQed. IQLWLaOL]e \RXU ZeLJKW PaWUL[ aV 
a UaQdRP RUWKRJRQaO PaWUL[. WUaQVfRUPV \RXU LQSXW bXW RQO\ URWaWeV LW.  
 
Activation functions 
KLddeQ: VLJPRLd, WaQK. DReVQ¶W aOZa\V ZRUN VR Ze RfWeQ XVe ReLU (deULYaWLYe LV 0 RU 1). 
RXWSXW: VLJPRLd, VRfWPa[ ĺ WaNe WKe e[SRQeQWLaO aQd QRUPaOL]e LW 
CURVV-eQWURS\ ORVV: ORVV fXQcWLRQ fRU PXOWL-cOaVV cOaVVLfLcaWLRQ 
 
convolutional la\ers: pruning ĺ ​SLPSOLf\ QeWZRUNV LQ a VPaUW Za\, VR WKaW \RX caQ VWLOO 
WUaLQ LW ZLWK VWRcKaVWLc JUadLeQW deVceQW. We ZLOO dR WZR WKLQJV WR VLPSOLf\ RXU QeWZRUN:  
- RePRYe aV PaQ\ cRQQecWLRQV aV Ze caQ  
- CRXSOe ceUWaLQ ZeLJKWV: fRUce WKeP WR WaNe WKe VaPe YaOXe 
 
Convolutional neural netZork ĺ ​XVe WKe LQfRUPaWLRQ abRXW ZKLcK SL[eOV aUe WRJeWKeU WR 
decLde ​ZKLcK cRQQecWLRQV WR WKURZ aZa\​. AUUaQJe WKe LQSXW QRdeV LQ a JULd, WR decLde ZKLcK 
cRQQecWLRQV WR UePRYe: Ze cRQQecW eacK QRde LQ WKe KLddeQ Oa\eU MXVW WR a VPaOO QXQ 
QeLJKbRXUKRRd LQ WKe LQSXW (KeUe Q=2). We dR WKLV fRU eacK VXcK Q [ Q QeLJKbRXUKRRd LQ WKe 
LQSXW. EacK QRde LQ WKe KLddeQ Oa\eU KaV MXVW 4 LQcRPLQJ cRQQecWLRQV. GR fURP RQe LPaJe Rf 
5*5 WR 2 LPaJeV Rf 4*4 caOOed ​a map/filter/kernel.​ If \RX LQcUeaVe QXPbeU Rf PaSV, decUeaVe 
UeVROXWLRQ. ​max pooling ĺ UedXceV UeVROXWLRQ eYeQ PRUe, bXW LQcUeaVe QXPbeU Rf LPaJeV 
(ORZ UeVROXWLRQ bXW ZLWK a ORW Rf cKaQQeOV) 
 
Most Convolutional netZorks ​aOVR LQcOXde ​pooling layers. TKeVe aUe bXLOW LQ 
WKe VaPe Za\ aV WKe cRQYROXWLRQ Oa\eUV, bXW WKe\ cRQWaLQ QR ZeLJKWV. TKe\ 
SaVV RQ WKe OaUJeVW YaOXe LQ WKe QeLJKbRXUKRRd. TKe fLUVW Oa\eU JLYeV XV VeYeUaO 
cRQYROXWLRQ fLOWeUV (RQe SeU PaS). 
TaNeV a SL[eO QeLJKbRXUKRRd aQd ​aYeUaJeV WKe SL[eOV LQ LW, cUeaWLQJ a bOXUUed 
UeVXOW Rf WKe LQSXW​. W​KLOe LW Pa\ VeeP WR be WKURZLQJ aZa\ YaOXabOe 
LQfRUPaWLRQ, ZKaW Ze acWXaOO\ JeW LV a UeSUeVeQWaWLRQ WKaW LV L ​nvariant to nois ​e ​.  
auto-encoders = ​TKe LQSXW aQd RXWSXW aUe WKe VaPe: WKe QeWZRUNV MRb LV WR 
UecRQVWUXcW WKe LQSXW.​ IW KaV WR dR VR XVLQJ a Oa\eU ZLWK feZeU QRdeV. OQce WKe 
QeWZRUN LV VXcceVVfXOO\ WUaLQed, WKe YaOXeV LQ WKe PLddOe caQ VeUYe aV a ORZ 
dLPeQVLRQaO UeSUeVeQWaWLRQ Rf WKe daWa. If Ze ZaQW WR LQcUeaVe WKe 
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dLPeQVLRQaOLW\ Rf WKe daWa, WKLV WULcN dReVQ¶W ZRUN. If WKe PLddOe Oa\eU LV bLJJeU WKaQ WKe LQSXW 
Oa\eU, WKe QeWZRUN caQ MXVW cRS\ WKe LQSXW.  
 
Demonising autoencoders ​ = We caQ add a OLWWOe QRLVe WR WKe LQSXW aQd WUaLQ WKe QeWZRUN WR 
UePRYe WKe QRLVe. TKLV Za\, WKe PLddOe Oa\eU becRPeV a UeSUeVeQWaWLRQ WKaW LV KeOSfXO LQ 
UePRYLQJ QRLVe. 
OQce WUaLQed, Ze caQ VWacN WKeVe aXWR eQcRdeUV. TKLV LV WKe SURPLVe Rf ​deep 
autoencoders ​: RQce SURMecWed LQWR WKe ORZ-dLPeQVLRQaO VSace, WKe LQVWaQceV ZLOO fRUP 
QaWXUaO cOXVWeUV. FRU LQVWaQce, dLffeUeQW LPaJeV Rf WKe VaPe SeUVRQ ZRXOd cOXVWeU WRJeWKeU. 
 
Lecture 7: Linear models 2 
 

- ZT[ + b LV a OLQeaU fXQcWLRQ 
- ZT[ + b > 0? LV a OLQeaU decLVLRQ bRXQdaU\. OQe bRXQdaU\ caQ be 

VSecLfLed b\ LQfLQLWeO\ PaQ\ Z, b (Ze KaYe aQ e[WUa deJUee Rf 
fUeedRP). 

- AccXUac\/AUC LV QRW a JRRd ORVV fXQcWLRQ fRU VeaUcK, eYeQ Lf LW¶V 
ZKaW Ze¶Ue XOWLPaWeO\ afWeU.  

 
Support vector machine (SVM)ĺ ​ORVV fXQcWLRQ. IW dUaZV a OLQe WKaW KaV WKe OaUJeVW (eTXaO) 
dLVWaQce WR WKe PRVW QeaUb\ SRLQWV (​maximum maUgiQ hyperplane). IW PeaVXUeV KRZ faU WKe 
SRLQWV aUe fURP WKe OLQe. 
CKRRVe WKe VXSSRUW YecWRUV ĺ Pa[LPL]e ³2[ WKe VL]e Rf WKe PaUJLQ´ 

 
 
 
 
 
  
 
 

 
PRLQWV cORVeVW WR WKe OLQe caOOed WKe ​support vectors ​ĺ defLQe WKe OLQe. If aOO daWa ZRXOd be 
UePRYed e[ceSW WKe VXSSRUW YecWRUV, \RX caQ VWLOO dUaZ WKe cOaVVLfLcaWLRQ bRXQdaU\.  
 
How to draw this line? IW¶V RYeUdeWeUPLQed, VR Ze caQ XVe: Z^T[+b= -1 & 1 (OLQe LV 0) 
 
bXW KRZ dR Ze cKRRVe WKe VXSSRUW YecWRUV? XVe WKe PRVW e[WUePe SRLQWV (cORVeVW WR ZKeUe LW 
VKRXOd be OLQeaUO\ VeSaUaWed) PLcN WKe YecWRUV WKaW JLYe WKe OaUJeVW PaUJLQ ĺ Pa[LPL]e WKe 
YaOXe ³2[ WKe VL]e Rf WKe PaUJLQ´ Ma[LP]e 2/__Z__ 
 
µHard margin¶ SVM ĺ ​no points aUe aOORZed WR YLROaWe WKe PaUJLQ. NRWe KRZ PXcK Rf RXU 
RbMecWLYe LV eQcRded LQ WKe cRQVWUaLQWV. WLWKRXW WKeP, Ze cRXOd MXVW VeW Z WR WKe ]eUR-YecWRU 
aQd BLQd a (XVeOeVV) PLQLPXP WULYLaOO\. ò __Z__ 
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µSoft margin¶ SVM ĺ ​SL LV a µVOacN SaUaPeWeU¶. IW UeOa[eV WKe cRQVWUaLQW a OLWWOe, WR aOORZ ​some 
points WR faOO LQ WKe PaUJLQ, bXW Ze Sa\ a SULce LQ WKe ORVV fXQcWLRQ (ZKLcK JeW KLJKeU Lf Ze 
aOORZ bLJJeU SeQaOWLeV. C LV a K\SeUSaUaPeWeU, LQdLcaWLQJ KRZ PXcK Ze caUe Lf WKe PaUJLQV 
aUe YLROaWed. ò __Z__ + C(VXP PL).  
 
ĺ SR, WKe RbMecWLYe fXQcWLRQ KaV a SeQaOW\ added WR LW, PaNLQJ LW bLJJeU. BXW, WKe PaUJLQ Ze 
aUe QRZ abOe WR cUeaWe LV PXcK ZLdeU. C OeWV XV WUade Rff WKeVe RbMecWLYeV. 
 
A fork in the road: two options 
1) E[SUeVV eYeU\WKLQJ LQ WeUPV Rf Z, JeW ULd Rf WKe cRQVWUaLQWV 
+ AOORZV JUadLeQW deVceQW & bacNSURSaJaWLRQ WR be XVed 
+ GRRd fRU XVe LQ deeS OeaUQLQJ 
 
GLYeV XV a ORVV fXQcWLRQ Ze caQ aSSO\ WR aQ\ PRdeO (JLYeV XV a SURbOeP WR PLQLPL]e WKe 
fXQcWLRQ). FRU LQVWaQce ZKeQ WUaLQLQJ a QeXUaO QeWZRUN WR cOaVVLf\, WKLV PaNeV a VROLd 
aOWeUQaWLYe WR cURVV-eQWURS\ ORVV. TKLV LV VRPeWLPeV caOOed WKe L1-SVM (ORVV). TKeUe LV aOVR 
WKe L2-SVM ORVV ZKeUe a VTXaUe LV aSSOLed WR WKe SL fXQcWLRQ, WR LQcUeaVe WKe ZeLJKW Rf 
RXWOLeUV 
 
2) E[SUeVV eYeU\WKLQJ LQ WeUPV Rf WKe VXSSRUW YecWRUV, JeW ULd Rf Z 
- DReVQ¶W aOORZ eUURU WR SURSaJaWe bacN 
+ AOORZV WKe NeUQeO WULcN WR be aSSOLed. 
 
LeaYe WKe cRQVWUaLQWV, bXW UeZULWe WKeP. We ZLOO JeW ULd Rf W. ReZULWe eYeU\WKLQJ aV a 
cRQVWUaLQW LQ WeUPV Rf ZeLJKWV RQ WKe daWa  ĺ XVXaOO\ dRQe ZLWK KeOS Rf ​Lagrange 
multipliers. ​ReZULWeV fXQcWLRQ WR PaNe LW eaVLeU WR VROYe (ZLWK eaVLeU cRQVWUaLQWV). HRZeYeU, 
LW¶V QRZ QR ORQJeU a PLQLPL]aWLRQ SURbOeP, \RX KaYe WR VROYe WKe JUadLeQW (eTXaO WR 0). 
CaQQRW XVe JUadLeQW deVceQW fRU WKLV. LaJUaQJe XVed dRW SURdXcW. 
 
The kernel trick ĺ ​If \RX KaYe aQ aOJRULWKP ZKLcK RSeUaWeV RQO\ RQ WKe dRW SURdXcWV Rf 
SaLUV Rf SRLQWV LQ \RXU daWa, \RX caQ VXbVWLWXWe WKe dRW SURdXcW fRU a NeUQeO fXQcWLRQ. 
CaOcXOaWe VXSSRUW YecWRUV aQd decLVLRQ bRXQdaU\ baVed RQ WKRVe dRW SURdXcWV. 
 
Polynomial kernel: feaWXUe VSace fRU d=2: aOO VTXaUeV, aOO cURVV SURdXcWV, aOO VLQJOe 
feaWXUeV. feaWXUe VSace fRU d=3: aOO cXbeV aQd VTXaUeV, aOO WKeZV-Za\ aQd WZR-Za\ cURVV 
SURdXcWV, aOO VLQJOe feaWXUeV. ^D LV a K\SeUSaUaPeWeU. 
RBF kernel: feaWXUe VSace: LQfLQLWe 
Kernels in data space: We[W, dQa, SURWeLQV: VWULQJ NeUQeOV, JUaSKV: WL dLVWaQce 
 
Lecture 8: Probabilistic Models 2 
 
TR PaNe a SURbabLOLW\ deQVLW\ fXQcWLRQ: (VXPV RYeU ZKROe dRPaLQ, QeedV WR be 1) 
NRUPaO dLVWULbXWLRQ QeedV a defLQLWe VcaOe + be aQ e[SRQeQWLaOO\ deca\LQJ WaLO. A VWURQJeU 
deca\ KaV aV beQefLWV WKaW LW ​flattens out at the peak (JLYLQJ a QLce beOO-VKaSed cXUYe) aQd LW 
KaV aQ ​ inflection point: WKe SRLQW ZKeUe WKe cXUYe PRYeV fURP deca\LQJ ZLWK LQcUeaVLQJ 
VSeed WR deca\LQJ ZLWK decUeaVLQJ VSeed. UVe WKe LQfOecWLRQ SRLQWV aV UaQJe.  
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IW QeedV WR VXP WR RQe. TKLV LV dRQe b\ LQWeJUaWLQJ RYeU WKe ZKROe UeaO QXPbeU OLQe ĺ  JLYeV 
XV a fXQcWLRQ WKaW VXPV WR 1 RYeU WKe ZKROe Rf LWV dRPaLQ. TKe e[SecWed RXWcRPeV OLe LQVLde 
WKe LQfOecWLRQ cLUcOe. MXOWLYaULaQWe -> PRUe WKaQ RQe YaULabOe, XQLYaULaWe -> 1 YaULabOe 
 
ma[imum likelihood principle=​ ReaVRQabOe cULWeULRQ fRU fLWWLQJ PRdeOV. IW aQVZeUV ZKaW 
PaNeV a JRRd fLW fRU SURbabLOLW\ dLVWULbXWLRQ, ZKaW fLWV P\ daWa ZeOO? HeOSV LQ cKRRVeV WKe 
dLVWULbXWLRQ WR aSSO\ aUJ Pa[ S([_0) JRRd fRU OaUJe daWaVeWV. 
 
LRJ OLNeOLKRRd: WKaW Ze ​maximise WR fLW a SURbabLOLW\ PRdeO 
LRVV: WKaW Ze ​minimise WR fLW a PacKLQe OeaUQLQJ PRde 
 
Gaussian (= aka normal distribution) distribution mi[ture models 
ĺ cRPbLQe PXOWLSOe JaXVVLaQV LQWR a VLQJOe SURbabLOLW\ dLVWULbXWLRQ. 
AWWacK a ZeLJKW/SURbabLOLW\ WR eacK PRdeO. GUadLeQW deVceQW LV 
SRVVLbOe, bXW a cORVed fRUP VROXWLRQ LVQ¶W. HaUd WR fLW. 
 
We caQ fLW GaXVVLaQ PL[WXUe PRdeOV (aQd RWKeU KLddeQ YaULabOe PRdeOV) ZLWK WKe 
e[pectation±ma[imi]ation (EM) algorithm (​VLPLOaU WR K-PeaQV bXW faQcLeU)​= ​ e[SaQdV RQ 
N-PeaQV b\ UeSOacLQJ WKe cOXVWeUV ZLWK GaXVVLaQV aQd b\ aOORZLQJ SRLQWV WR µbeORQJ¶ WR eacK 
GaXVVLaQ µWR VRPe deJUee¶. IQ RWKeU ZRUdV, eacK GaXVVLaQ WaNeV a ceUWaLQ ​responsibility fRU 
eacK SRLQW. 
EM (intuitive) ĺ ​ LQLWLaOLVe cRPSRQeQWV UaQdRPO\ (SLcN VRPe UaQdRP MVN¶V + JLYe ZeLJKWV) 
ORRS:  
� e[SecWaWLRQ: aVVLJQ VRfW UeVSRQVLbLOLWLeV WR eacK SRLQW 
� Pa[LPL]aWLRQ: fLW WKe cRPSRQeQWV WR WKe daWa, ZeLJKWed b\ UeVSRQVLbLOLW\ 
 
Responsibilit\ ​= KRZ bLJ Ze JXeVV WKe cKaQce WKaW a ceUWaLQ SRLQW beORQJV WR a ceUWaLQ 
dLVWULbXWLRQ. dLYLde RYeUaOO beWZeeQ 0-1, VXP WR 1. 
CaOcXOaWe = Ued UeVSRQVLbLOLW\ / aOO UeVSRQVLbLOLW\. 
 
HeUe Ze Vee EM LQ acWLRQ. We VWaUW ZLWK WZR UaQdRP GaXVVLaQV 
aQd cRORU WKe SRLQWV b\ KRZ PXcK UeVSRQVLbLOLW\ eacK 
cRPSRQeQW WaNeV. TKe bOXe SRLQWV aUe PRVWO\ cOaLPed b\ WKe 
bOXe cRPSRQeQW, WKe Ued SRLQWV aUe PRVWO\ cOaLPed b\ WKe Ued, 
aQd WKe SXUSOe SRLQWV LQ WKe PLddOe KaYe WKe UeVSRQVLbLOLW\ 
dLYLded eTXaOO\ beWZeeQ WKe cRPSRQeQWV. 
 
UVefXO fRU cOXVWeULQJ (XQVXSeUYLVed, VR KaYe WR dUaZ RZQ cRQcOXVLRQ baVed RQ daWa): WR 
bUeaN SRSXOaWLRQ XS LQ JURXSV & cOaVVLfLcaWLRQ. 
 
Lecture 9: Deep learning 2 
 
loss curve ​= WKe ORVV cXUYe VKRZV \RX ZKeWKeU \RXU PRdeO LV cRQYeUJLQJ, KRZ PXcKQeVV LW 
LV e[SeULeQcLQJ aQd ZKeWKeU WKaW QRLVe LV dLPLQLVKLQJ aV WKe PRdeO cRQYeUJeV. 
If WKeUe LV a JeQeUaOL]LQJ VROXWLRQ LW aOZa\V fLQdV LW, aQd Lf WKeUe LVQW, LW UXQV aURXQd XQWLO LW fLQdV 
WKe RYeUfLWWLQJ UeVXOW.  
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what if my model starts overfitting?  
1) RedXce caSacLW\ (VR LW KaV WR UePePbeU OeVV, PaNLQJ LW VLPSOeU)ĺ   FeZeU KLddeQ QRdeV, 
feZeU Oa\eUV  
2) Add a UeJXOaULVeU (-> addLWLRQV WR \RXU PRdeO WKaW fRUce LW WR SUefeU VLPSOeU PRdeOV WR PRUe 
cRPSOe[ RQeV b\ JLYLQJ WKeP PRUe ZeLJKW): L1, L2 , DURSRXW 
 
L2 regulari]er ​: add a SeQaOW\ WR WKe ORVV fXQcWLRQ. CROOecW aOO \RXU 
SaUaPeWeUV LQWR a bLJ YecWRU (ZKLcK Ze¶OO caOO ș), aQd \RX add WKe OeQJWK Rf 
WKLV YecWRU WR WKe ORVV fXQcWLRQ (PXOWLSOLed b\ a K\SeUSaUaPeWeU Ȝ, ZKLcK 
cRQWUROV KRZ VWURQJO\ Ze ZaQW WR UeJXOaUL]e). 
IQ WKLV LPaJe WKe daUN bURZQ PRdeO ZLOO JeW a VWURQJeU SeQaOW\ fURP WKe 
UeJXOaULVeU WKaQ WKe OLJKW bURZQ RQe, becaXVe LWV SaUaPeWeUV aUe fXUWKeU 
fURP WKe RULJLQ. LLNe WLOWLQJ a bRZO. 
 
L1 regulari]er:​  SeQaOL]eV WKLQJV WKaW aUe QRW PRYLQJ 
aORQJ WKe a[LV, ​enforces sparsit\.​ AQ\ SaUaPeWeU WKaW 
JeWV cORVe WR aQ a[LV (L.e. cORVe WR ]eUR) ZLOO WeQd WR 
³VQaS´ WR WKe a[LV. aV a UeVXOW, LW becRPeV eaVLeU WR 
VWRUe aQd Uead. LLNe a VTXaUe bRZO. 
 
L^p regulari]ation  
PURYLdeV a ³VRfW´ SUefeUeQce fRU VLPSOeU PRdeOV.  
L2: SLPSOeU PeaQV ​VPaOOeU SaUaPeWeUV.​ AOVR NQRZQ aV ULdJe UeJUeVVLRQ.  
L1: SLPSOeU PeaQV ​VPaOOeU SaUaPeWeUV aQd PRUe ]eUR SaUaPeWeUV​. AOVR 
NQRZQ aV OaVVR UeJUeVVLRQ.  
 
Dropout ​ĺ aQRWKeU UeJXOaUL]aWLRQ WecKQLTXe fRU OaUJe QeXUaO QeWV. DXULQJ 
WUaLQLQJ, Ze VLPSO\ UePRYe KLddeQ aQd LQSXW QRdeV (eacK ZLWK SURbabLOLW\ S). TKLV SUeYeQWV 
co-adaptation​. MePRUL]aWLRQ RfWeQ deSeQdV RQ PXOWLSOe QeXURQV fLULQJ WRJeWKeU LQ VSecLfLc 
cRPbLQaWLRQV (WXUQV QRdeV RQ aQd Rff UaQdRPO\). DURSRXW SUeYeQWV WKLV.  
 
Generative modelling ​aLPV WR cUeaWe a PRdeO Rf WKe dLVWULbXWLRQ WKaW JeQeUaWed WKe daWa, LQ 
VXcK a Za\ WKaW Ze caQ VaPSOe fURP WKaW dLVWULbXWLRQ. TZR W\SeV: GANV &  VAEV 
 
A SOaLQ QeXUaO QeWZRUN LV SXUeO\ deWeUPLQLVWLc. IW WUaQVOaWeV aQ LQSXW WR aQ RXWSXW aQd dReV WKe 
VaPe WKLQJ eYeU\ WLPe. ​HRZ WR Ze WXUQ WKLV LQWR a SURbabLOLW\ dLVWULbXWLRQ? 
 
1) TaNe WKe RXWSXW aQd LQWeUSUeW LW aV WKe SaUaPeWeUV Rf a PXOWLYaULaWe QRUPaO. If WKe 
dLPeQVLRQaOLW\ Rf WKe RXWSXW LV OaUJe, Ze¶OO RfWeQ WaNe Ȉ WR be a dLaJRQaO PaWUL[. TKLV dReVQ¶W 
SURdXce YeU\ LQWeUeVWLQJ dLVWULbXWLRQV (LW¶V aOZa\V MXVW aQ MVN), bXW LW dReV aOORZ WKe QeWZRUN 
WR cRPPXQLcaWe KRZ VXUe LW LV abRXW WKe RXWSXW: WKe VPaOOeU WKe YaULaQceV LQ Ȉ, WKe VXUeU LW LV 
abRXW LWV RXWSXW. TKLV KaV WKe effecW Rf VPRRWKLQJ WKe ORVV VXUface, ZKLcK caQ KeOS WUaLQLQJ a 
ORW.  
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2) KeeS WKe RXWSXW deWeUPLQLVWLc, bXW VaPSOe WKe LQSXW fURP a VWaQdaUd MVN. PURbabLOLW\ aV 
LQSXW 
3) CRPbLQe bRWK: Ze VaPSOe WKe LQSXW fURP a VWaQdaUd MVN, LQWeUSUeW WKe RXWSXW aV aQRWKeU 
MVN, aQd WKeQ VaPSOe fURP WKaW. 
 
How do we train models like this? If Ze VaPSOe a UaQdRP SRLQW fURP WKe daWa, aQd VaPSOe a 
SRLQW fURP WKe PRdeO aQd WUaLQ RQ KRZ cORVe WKe\ aUe, Ze JeW VRPeWKLQJ caOOed ​mode 
collapse (​=WKe PaQ\ dLffeUeQW PRdeV Rf WKe daWa dLVWULbXWLRQ eQd XS beLQJ aYeUaJed 
(³cROOaSVLQJ´) LQWR a VLQJOe SRLQW). We ZaQW WKe QeWZRUN WR LPaJLQe deWaLOV,​ ​not to average 
over all possibilities. 
 
ĺ TR aYRLd PRde cROOaSVe:  ​³generative adversarial netZorks 
(GANs)´: ​KLJK SeUfRUPaQce LQ LPaJe OabeOLQJ. ReVeaUcKeUV fRXQd 
RXW WKaW b\ YeU\ VOLJKWO\ dLVWRUWLQJ WKe LQSXW, WKe\ cRXOd PaNe WKe 
QeWZRUN RXWSXW cRPSOeWeO\ bad SUedLcWLRQV. 
IQVWead, \RX caQ add WKeVe adYeUVaULaO e[aPSOeV WR WKe daWaVeW 
(aV QeJaWLYeV) aQd UeWUaLQ \RXU QeWZRUN WR PaNe LW PRUe URbXVW.  
 
End-to-end GANs ĺ TKe ​generator ​WaNeV aQ LQSXW VaPSOeV fURP 
a VWaQdaUd MVN aQd SURdXceV aQ LPaJe. TKe ​ discriminator ​ WaNeV 
aQ LPaJeV aQd cOaVVLfLeV LW.  
 
To train the discriminator, Ze feed LW e[aPSOeV fURP WKe WUaLQLQJ daWa, aQd SURYLdeV WKe 
WUaLQLQJ OabeOV fURP WKe WUaLQLQJ daWa. We aOVR VaPSOe SRLQWV fURP WKe JeQeUaWRU (ZKRVe 
ZeLJKWV Ze dRQ¶W XSdaWe) aQd OabeO WKeVe aV QeJaWLYe.  
To train the generator, Ze fUee]e WKe dLVcULPLQaWRU aQd WUaLQ WKe ZeLJKWV Rf WKe JeQeUaWRU WR 
SURdXce LPaJeV WKaW caXVe WKe dLVcULPLQaWRU WR OabeO WKeP aV PRVLWLYe. 
 
Conditional GAN ​XVed ZKeQ Ze ZaQW WR WUaLQ WKe QeWZRUN WR WaNe aQ LQSXW, bXW WR JeQeUaWe 
WKe RXWSXW SURbabLOLVWLcaOO\. HeUe, WKe QeWZRUN QeedV WR fLOO LQ UeaOLVWLc deWaLOV. TKe QeWZRUN 
VKRXOd SLcN RQe, aQd QRW aYeUaJe RYeU aOO cRORUV. IQSXW & RXWSXW KaYe WR be PaWcKed. 
If Ze UaQdRPO\ PaWcK RQe LPaJe LQ RQe dRPaLQ WR aQ LPaJe LQ aQRWKeU dRPaLQ, Ze JeW 
PRde cROOaSVe aJaLQ. 
 
C\cleGANs ​ caQ KaQdOe WKLV (+XQSaLUed LPaJeV LQ dLffeUeQW dRPaLQV) b\ addLQJ a ³c\cOe 
cRQVLVWeQc\ WeUP´ WR WKe ORVV fXQcWLRQ. UVeV WZR bLJ baJV Rf XQPaWcKed SLcWXUeV WKaW aUe QRW 
PaSSed WR eacK RWKeU bXW WKe\ dR deVcULbe WKeLU dRPaLQ YeU\ ZeOO. Need WR WUaQVfRUP 
beWZeeQ dRPaLQV. If \RX UaQdRPO\ PaS WKe SLcWXUeV LQ RQe dRPaLQ LQ aQRWKeU dRPaLQ \RX¶Ue 
JRLQJ WR JeW PRde cROOaSVe aJaLQ. SR, \RX Qeed addLWLRQaO cRQVWUaLQWV, WR cRQVWUaLQ \RXU 
WUaLQLQJ SURceVV. Add a WeUP WR WKe ORVV fXQcWLRQ. AfWeU VRPe WUaLQLQJ Rf WKe JeQeUaWRUV, WKe 
dLVcULPLQaWRUV aUe UeWUaLQed ZLWK ZLWK WKe RULJLQaO daWa aQd VRPe JeQeUaWed daWa. 
AutoencodeU ĺ SXVKeV WKe LQSXW WKURXJK a bRWWOeQecN (a VPaOO KLddeQ Oa\eU), aQd WULeV WR 
UecRQVWUXcW WKe RXWSXW aV ZeOO aV SRVVLbOe. LRZ dLPeQVLRQaO UeSUeVeQWaWLRQ.  
 
WKeQ WXUQLQJ aXWReQcRdeU LQWR a JeQeUaWLYe PRdeO, caQ Ze WUaLQ fRU Pa[LPXP OLNeOLKRRd 
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dLUecWO\? PURbOePV: QR cORVed-fRUP VROXWLRQ, KXJe VXP, LQWUacWabOe 
 
EM: key insight 
We caQ RSWLPLVe fRU ș aQd ] WRJeWKeU, bXW: 
� GLYeQ VRPe ș, Ze caQ ³RSWLPL]e´ ] 
� GLYeQ ], Ze caQ RSWLPLVe ș 

 
EM: S([ _ ș) = L(T, ș) + KL(T, S) ĺ We caOO L WKe YaULaWLRQaO ORZeU bRXQd RQ OQ S([_ș). IW¶V WKe 
ORZeU bRXQd RQ ZKaW Ze ZaQW WR Pa[LPe. EaVLeU WR Pa[LPe WKaQ S. 
 
TKe EM aOJRULWKP cRQVLVWV Rf WZR VWeSV. IQ WKe fLUVW Ze 
cKRRVe RXU T VR WKaW WKe KL dLYeUJeQce WeUP LV 
PLQLPL]ed/0. FRU WKe GMM aOJRULWKP Ze caQ cRPSXWe S 
e[SOLcLWO\ (WKeVe aUe WKe UeVSRQVLbLOLWLeV), VR Ze caQ VeW T 
eTXaO WR WKaW aQd eOLPLQaWe WKe KL dLYeUJeQce WeUP eQWLUeO\.  
IQ WKe VecRQd VWeS, Ze cKRRVe QeZ SaUaPeWeUV ș, WR 
RSWLPLVe WKe L-WeUP. S KaV QRZ cKaQJed, WR WKe KL WeUP LV 
QR ORQJeU ]eUR. SLQce bRWK Rf WKeVe VWeSV eLWKeU NeeS S([_ș) 
WKe VaPe, RU LQcUeaVe LW, Ze KaYe ​ MXVW SURYeV WKaW WKe EM 
aOJRULWKP cRQYeUJeV (WR a ORcaO PLQLPXP). 
 
IQ WKe GMM caVe, WKe E VWeS LQYROYeV VeWWLQJ T eTXaO WR WKe SURbabLOLW\ Rf WKe OaWeQW YaULabOe 
cRQdLWLRQaO RQ WKe RbVeUYed.  M: CKRRVe ș WR Pa[LPLVe L. NeeS T fL[ed. BXLOdLQJ a QQ 
JeQeUaWLYe PRdeO: KaUd WR cRPSXWe S(]_ș), VR Ze aSSUR[LPaWe S(]_[,ș) 
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GAN: JR bURad, WKeQ QaUURZ aJaLQ aQd SXW WKe daWa LQ WKe PLddOe. MRde cROOaSVe SUeYeQWed 
b\ WKe dLVcULPLQaWRU. 
VAE: Ze JR bURad, QaUURZ , bURad aJaLQ aQd Ze SXW WKe daWa RQ WKe LQSXW aQd WKe RXWSXW aQd 
Ze SXW WKe OaWeQW YecWRU LQ WKe PLddOe. UVeV Pa[LPXP OLNeOLKRRd LQfeUeQce 
dLVcUeWe= OaQJXaJe, PXVLc, V\PbROV eWc. 
deULYed fURP fLUVW SULQcLSOeVĺ dLUecWO\ baVed RQ SURbabLOLW\ eWc. 
LaWeQW YaULabOeV ĺ PLddOe Oa\eU. VR, Lf \RXU OaWeQW YaULabOeV aUe dLVcUeWe, XVe JaQ RU 
VRPeWKLQJ eOVe. VAE beWWeU WKaQ AE. 
 
Lecture10: Tree Models (and model ensembles) 
 
HRZ WR bXLOd a WUee: VWaQdaUd aOJRULWKP (ID3, C45)  
1. VWaUW ZLWK aQ ePSW\ WUee 
2. e[WeQd VWeS b\ VWeS (XVXaOO\ caWeJRULcaO feaWXUeV) 
3. JUeed\ (QR bacNWUacNLQJ)  
4. cKRRVe WKe VSOLW WKaW cUeaWeV WK ​e least uniform distribution RYeU WKe cOaVV OabeOV LQ WKe 
UeVXOWLQJ VeJPeQWV  
NRWe: TKeUe¶V QR XVe (ZLWK caWeJRULcaO feaWXUeV) LQ VSOLWWLQJ RQ WKe VaPe feaWXUe WZLce 
 
Stop conditions (= when we stop extending the tree) 
- WKeQ aOO LQSXWV aUe WKe VaPe (​no more features left) RXWSXW OabeO: PaMRULW\ cOaVV (=cOaVV 
WKaW RccXUV PRVW RfWeQ) 
- WKeQ aOO RXWSXWV aUe WKe VaPe (​uniform class distribution = RQO\ 1 cOaVV RccXUV LQ RXU 
VeJPeQW) RXWSXW OabeO: OefW RYeU cOaVV 
 
HRZ dR Ze defLQe XQLfRUPLW\ LQ WUee cOaVVeV? ĺ eQWURS\. UVe ​conditional entropy P(A_B) ĺ 
ZKaW LV WKe cKaQce Rf A ZKeQ B LV JLYeQ. 
Information gain = IR(G) = H(O) - H(O _ G). DLffeUeQce beWZeeQ WKe eQWURS\ befRUe WKe\¶Ye 
WROd G aQd WKe eQWURS\ afWeU WKe\ WROd G. LQdeSeQdeQW Rf ZKaW G LV JRLQJ WR be, KRZ PXcK 
LQfRUPaWLRQ aP I JRLQJ WR JeW RXW Rf WKe facW WKaW WKe\¶Ye WROd Pe G. AKA, LW WeOOV XV KRZ PXcK 
Ze UedXce WKe eQWURS\ b\ SLcNLQJ a SaUWLcXOaU VSOLW b\ SLcNLQJ a SaUWLcXOaU feaWXUe WR VSOLW WUee. 
Alternatives to IG: (1) PLQRULW\ cOaVV (aNa eUURU UaWe (PLQLPL]e WKLV)), (2) GLQL LQde[ (aNa 
e[SecWed eUURU UaWe XQdeU UaQdRP JXeVVLQJ) 
 
WKaW Lf aOO feaWXUeV aUe QXPeULc? ĺ WXUQ WKe feaWXUe LQWR a 
bLQaU\ VSOLW RQ VRPe WKUeVKROd. SSOLW aQd cOaVVLf\ aW WKUeVKROd T 
(ORZeU RU KLJKeU WKaQ T). TUeeV RfWeQ RYeUfLW. 
FRU SUXQLQJ: cKecN Lf WKe VeW SeUfRUPV beWWeU RQ YaOLdaWLRQ daWa 
ZLWK/ZLWKRXW WKLV QRde. If LW SeUfRUPV beWWeU ZLWKRXW QRde, \RX 
cXW LW. (OQ ULJKW, OaVW VSOLW Qeeded WR SUXQe WUeeV). 
 
Regression trees: ​fRU QXPeULc feaWXUeV, Ze caQQRW XVe 
eQWURS\ WR fLQd XQLfRUPLW\. We UeSOace eQWURS\ b\​ YaULaQce. 
YRX caQ UeXVe QXPeULc feaWXUeV, becaXVe \RX caQ XVe a dLffeUeQW WKUeVKROd eYeU\ WLPe. 
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Decision trees ​aUe QRW XVed WKaW RfWeQ ĺ  KLJKO\ XQVWabOe OeaUQeUV + eUURU KLJK 
YaULaQce. SROXWLRQ ĺ PaNe a UaQdRP fRUeVW/decLVLRQ fRUeVW: cROOecWLRQ Rf 
decLVLRQ WUeeV (eQVePbOe PeWKRd) 
 
DecRPSRVe eUURU LQWR WZR SURbOePV: bLaV aQd YaULaQce. TKe aYeUaJe eUURU Rf 
PaQ\ PRdeOV ZLWK KLJK YaULaQce LV ORZ. 
High variance/unstable learner = ZKeQ \RXU KLW eUURUV aUe YeU\ VSUead RXW, bXW Lf 
\RX aYeUaJe RYeU WKeP, \RX ZRXOd eQd XS ZLWK a JRRd UeVXOW. 
High bias= ZKeQ WKe UeVXOWV aUe YeU\ SUecLVe/accXUaWe (eYeU\ WLPe), bXW QRW LQ 
WKe ULJKW SOace. 
 
For solving high variance ĺ bagging (bootstrap aggregating ) 
ReVaPSOe K daWaVeWV, aQd WUaLQ K PRdeOV (WKLV cROOecWLRQ LV RXU eQVePbOe). FRU a QeZ SRLQW, 
aVN WKe PRdeOV ZKeUe WR cOaVVLf\ LW LQ.TKe eQVePbOe cOaVVLfLeV b\ PaMRULW\ YRWe RU SURbabLOLW\. 
 
For solving high bias ĺ the h\pothesis boosting question(/boosting (algorithms)) 
TUaLQ a VeTXeQce Rf cOaVVLfLeUV aQd ORRNV aW LQVWaQceV fURP SUeYLRXV cOaVVLfLeUV WKaW ZeUe 
ZURQJ. IQcUeaVe WKe ZeLJKWV Rf WKRVe e[aPSOeV + QRUPaOL]e ZeLJKWV. ReZeLJKW WKe daWa aQd 
RYeU WKe QeZ ZeLJKWV, Ze WUaLQ WKe cOaVVLfLeU. TKe beWWeU LW SeUfRUPV WKe KLJKeU LWV ZeLJKW. FRU 
WKe fRUPXOa, WKe cORVeU WKe eUURU LV WKe RQe, WKe ORZeU WKe ZeLJKWV JeWV. 
ĺ eYeQ ZRUNV fRU ZeaN OeaUQeUV (cOaVVLf\ MXVW beWWeU WKaQ cKaQce), f.e. decLVLRQ VWXPSV 
(decLVLRQ WUee ZLWK 1 QRde) -> cKeaS WR WUaLQ, aQd VWLOO JeW SRZeUfXO cOaVVLfLeU dXe WR eQVePbOe. 
 
Gradient boosting ĺ ​SXbWUacW ZKaW \RXU PRdeO 
SUedLcWed fURP WKe UeVLdXaOV aQd \RX JeW a daWaVeW 
ZLWK MXVW UeVLdXaOV:​ fit a line through that. SXP 
RULJLQaO OLQe + UeVLdXaO OLQe ĺ beWWeU fLWWLQJ PRdeO. 
 
BRRVWLQJ LV a JRRd Za\ WR LPSURYe SeUfRUPaQce bXW 
\RX VKRXOdQ¶W XVe LW ZKeQ cRPSaULQJ PRdeOV, 
becaXVe WKeQ WKe PRdeOV Qeed WR be ORRNed aW LQ LVROaWLRQ. 
 
Stacking​ ĺ aQRWKeU eQVePbOe PeWKRd. TUaLQ a VeTXeQce Rf PRdeOV aQd add WKe PRdeOV WR 
WKe RULJLQaO daWa VeW. OQ WKeVe PRdeOV, \RX WUaLQ aQRWKeU cOaVVLfLeU (a cRPbLQeU), ZKLcK 
cRPbLQeV WKe RULJLQaO feaWXUeV ZLWK WKe MXdJePeQWV Rf WKe eQVePbOe aQd OeaUQV KRZ WR 
cRPbLQe WKeVe dLffeUeQW MXdJePeQWV. YRXU cRPbLQeU caQ WKeQ MXdJe, baVed RQ WKe daWa, 
decLde ZKLcK PRdeO LV ULJKW LQ ZKLcK caVe. UVeV MXdJePeQWV Rf dLffeUeQW PRdeOV fRU dLffeUeQW 
SRLQWV LQ \RXU feaWXUe VSace.  
Combiner: XVXaOO\ RQ ORJLVWLc UeJUeVVLRQ. If NNV aUe XVed fRU WKe eQVePbOe, WKe ZKROe WKLQJ 
becRPeV RQe bLJ QeXUaO QeWZRUN. WKeUeaV deeS OeaUQLQJ aLPV WR JR deeS, eQVePbOe aLPV 
WR JR ZLde. DeeS OeaUQLQJ JReV WR QeZ OeYeOV Rf abVWUacWLRQ eWc., ZKLOe eQVePbOLQJ cOeYeUO\ 
VeJPeQWV \RXU LQVWaQce VSace. 
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Lecture 11: Models for Sequential Data 
 
SeTXeQceV caWeJRULeV: 
1. NXPeULc Q-dLPeQVLRQaO WLPe VeULeVĺ f.e. VXQ c\cOeV LQ YecWRUV 
2. S\PbROLc (caWeJRULcaO) Q-dLPeQVLRQaO ĺ VeTXeQce Rf V\PbROV/ZRUdV/PXVLc. DLffLcXOW WR 
UeSUeVeQW. 
 
DLVWLQcWLRQ LQ VeTXeQce beWZeeQ: 
1. SLQJOe VeTXeQce -> 1 WLPe VeULeV. FRU LQVWaQce, SUedLcW 
VaOeV, SUedLcW WUaffLc WR ZebVLWe 
2. SeW-Rf-VeTXeQceV -> PXOWLSOe WLPe VeULeV 
 
CaQ XVe ​feature e[traction​: WR SUedLcW Qe[W YaOXe (f.e. W-1 
eWc.) MaQ\ RWKeU feaWXUeV aUe SRVVLbOe: PeaQ RYeU WKe ZKROe 
KLVWRU\, PeaQ RYeU WKe OaVW 10 SRLQWV eWc. BXW, WKeUe¶V a 
SURbOeP: Lf Ze VKXffOe WKLV daWa, aQd SLcN a WeVW aQd WUaLQLQJ 
VeW, WKe cOaVVLfLeU JeWV acceVV WR daWa fURP WKe fXWXUe. MaNe 
VXUe WKe WLPe VWa\V WUXe WR LWV T ĺ ​Zalk-forZard validation. 
TR cKecN, XVe cURVV YaOLdaWLRQ.  

 
 
 
 
 

^ cKaLQ UXOe Rf SURbabLOLW\/ JRLQW SURbabLOLW\ = SURdXcW Rf SURbabLOLWLeV Rf eacK LQdLYLdXaO ZRUdV 
LQ WKe VeQWeQce cRQdLWLRQed RQ WKe ZRUdV WKaW caPe befRUe LW. 
 
Markov assumption ĺ ​aVVXPe WKe SURbabLOLW\ Rf SULce deSeQdV RQO\ RQ WKe WZR ZRUdV (RU 
aQ\ aPRXQW Rf ZRUdV) afWeU LW. LLNe QaLYe Ba\eV, QRW WUXe, bXW PaNeV LW eaVLeU. 

 
MaUNRY cKaLQ = cRPbLQLQJ SURbabLOLWLeV (VKaNeVSeaUe e[aPSOe) 
 
� 0-RUdeU MaUNRY PRdeO: NaLYe Ba\eV. FRU VSaP cOaVVLfLcaWLRQ KLJKeU RUdeU dRQ¶W LPSURYe 
SeUfRUPaQce. FRU RWKeU WaVNV WKe\ dR.  
� SKRUW dRcXPeQWV aUe YaVWO\ PRUe OLNeO\ WKaQ ORQJ RQeV DReVQ¶W PaWWeU fRU cOaVVLfLcaWLRQ. IQ 
RWKeU VeWWLQJV, cRQdLWLRQLQJ RQ OeQJWK Pa\ be QeceVVaU\.  
� LaSOace VPRRWKLQJ, SaPe aV befRUe: adaSW WKe eVWLPaWRU b\ addLQJ SVeXdR-RbVeUYaWLRQV. 
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Embeddings ​ VKRZ VLPLOaULWLeV LQ ZRUdV, VR ZRUdV ZLWK VLPLOaU PeaQLQJV caQ be LdeQWLfLed. 
BaVed RQ ​distributional h\pothesis ​, ZKLcK VWaWeV WKaW ZRUdV WKaW RccXU LQ WKe VaPe cRQWe[W 
RfWeQ KaYe VLPLOaU PeaQLQJV​ ĺ ​TKLV PeaQV WKaW Lf Ze KaYe VRPe ZRUd X, aQd Ze cUeaWe a 
SURbabLOLW\ dLVWULbXWLRQ P PRdeOOLQJ UeSUeVeQWLQJ KRZ OLNeO\ a ZRUd LV WR RccXU LQ WKe cRQWe[W 
Rf X, Ze caQ XVe WKaW dLVWULbXWLRQ P aV a SUR[\ fRU WKe PeaQLQJ Rf X. 
 
EQcRde RXU ZRUdV LQ ​1-hot vectors ​ (]eUR eYeU\ZKeUe e[ceSW 1 SRLQW) YecWRU LV OeQJWK Rf 
YRcabXOaU\. ​Word2Vec (skipgram version) ĺ ​cUeaWeV ePbeddLQJ YecWRUV fRU ZRUdV. A bLW 
OLNe aQ aXWReQcRdeU, e[ceSW Ze¶Ue QRW UecRQVWUXcWLQJ WKe RXWSXW, bXW WKe ​context. ​TKe LQSXW LV 
OLQeaU, RXWSXW LV VRfWPa[ (eQVXUeV aOO RXWSXWV VXP WR 1).​ PUedLcWV a SURbabLOLW\ dLVWULbXWLRQ RQ 
cRQWe[W ZRUdV. 
AfWeU WUaLQLQJ, WKURZ aZa\ WKe WRS Oa\eU, aQd RQO\ XVe WKe bRWWRP SaUW (aV aQ 
eQcRdeU). IQ WKe ePbeddLQJ VSace, dLVWaQceV aQd dLUecWLRQV UefOecW VePaQWLc 
PeaQLQJ.  
 
Recurrent neural netZorks = ​WR UeSUeVeQW V\PbROLc VeTXeQceV. UVeV c\cOeV. 
TKeUe aUe VRPe cRQQecWLRQV JRLQJ bacN WR VRPe 
e[WUa LQSXW QRdeV, VR WKe\ feed daWa bacN LQVWead Rf 
fRUZaUd. SLPSOe VPaOO e[aPSOe: CRQcaWeQaWLRQ= 
VWLcNLQJ LW WRJeWKeU. Feed LW a WLPeVeULeV.  
 
HRZ WR deWeUPLQe WKe ZeLJKWV/WUaLQ WKe RNN? ĺ 
µunrolling¶. ​NRZ WKe ZKROe QeWZRUN LV MXVW RQe bLJ, 
cRPSOLcaWed feedfRUZaUd QeW. NRWe WKaW Ze KaYe a ORW 

Rf VKaUed ZeLJKWV, bXW Ze NQRZ KRZ 
WR deaO ZLWK WKRVe. TKe KLddeQ Oa\eU 
LV LQLWLaOLVed WR WKe ]eUR YecWRU.  
< BacNSURSaJaWLRQ WKURXJK WLPe 
 
TKe dLVcXVVed NN KaYe a SURbOeP ZLWK ORQJ WeUP PePRU\ SURceVVeV ĺ 
caQ¶W KaYe a ORQJ WeUP PePRU\ fRU 
eYeU\WKLQJ. YRX Qeed WR be ​selective, aQd 
\RX Qeed WR OeaUQ WR VeOecW ZRUd WR be 
VWRUed fRU WKe ORQJ WeUP ZKeQ \RX fLUVW Vee 

WKeP. ​Long short term memor\ (LSTM) = ​SeOecWLYe 
fRUJeWWLQJ aQd UePePbeULQJ fXUWKeU bacN, cRQWUROOed b\ 
OeaUQabOe µJaWeV¶. PaVVeQ RQ: C= PePRU\ (YecWRU), Y= 
RXWSXW fURP SUeYLRXV VWeS. 
CaQ XVe LSTM aV a OaQJXaJe PRdeO WR SUedLcW 
dLVWULbXWLRQV/WKe Qe[W ZRUd LQ a VeTXeQce/cKaUacWeUV. 
 
TaQK= VLJPRLd bXW PRUe VWUeWcKed RXW VR WKe VPaOOeVW YaOXe LV -1. 
SaPSOLQJ: DRQ¶W XQUROO WKe QeWZRUN. Feed WKe QeWZRUN a VPaOO VeTXeQce Rf cKaUacWeUV fURP 
WKe daWa aV a Veed. 
CaQ XVe LSTM LQ cRPbLQaWLRQ ZLWK a VAE WR JR fURP VeTXeQce WR VeTXeQce. HaYe eQcRdeU 
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WKaW PaSV daWa WR OaWeQW YecWRU aQd  decRdeU WKaW PaSV \RXU OaWeQW YecWRU WR aQ RXWSXW. AOVR 
XVed fRU aXWRPaWLc caSWLRQLQJ. 
 
FLQaO QRWeV: 

- FRU ZRUd-OeYeO LSTMV: XVe ePbeddLQJV RQ WKe LQSXW OaWeU (eLWKeU SUe-WUaLQed Z2Y 
ePbeddLQJV, RU aQ ePbeddLQJ Oa\eU WKaW LV WUaLQed eQd-WR-eQd) 

- SeTXeQce PRdeOLQJ: Ze caQ XVe e[LVWLQJ PeWKRdV WKURXJK feaWXUe e[WUacWLRQ, bXW be 
caUefXO abRXW YaOLdaWLRQ 

- PaUNRY PRdeOV: VLPSOe, fLQLWe-PePRU\ VeTXeQce PRdeOLQJ (cOaVVLfLcaWLRQ RU 
JeQeUaWLRQ) XVefXO PRdeOV fRU VeTXeQceV RU Z2Y 

- WRUd2Vec: ZRUd ePbeddLQJV UefOecWLQJ VLPLOaULW\, VePaQWLcV 
- LSTM: LQcUedLbO\ SRZeUfXO OaQJXaJe PRdeOV, WULcN\ WR WUaLQ 

 
Lecture 12: Matri[ models and recommender s\stems 
 
Explicit feedbacN V\VWeP: aVNV XVeUV fRU UaWLQJ (1-5 VWaUV) 
Implicit LQfRUPaWLRQ: SaJe YLeZV, ZLVKOLVW, VLPLOaULWLeV beWZeeQ XVeUV/PRYLeV eWc. 
Side information (features): PRYLeV (OeQJWK, JeQUe, acWRUV), XVeUV (cRXQWU\, bLR, OaQJXaJe) 
 
TaVN: GLYeQ PaQ\ XVeUV aQd LWePV, LQ cRPbLQaWLRQ ZLWK (LQ)cRPSOeWe LPSOLcLW/e[SOLcLW/VLde 
LQfRUPaWLRQ: ​predict how users u would rate item i 
 
TR VROYe WKLV ĺ ​matri[ models/factori]ation. R=U^T M general linear model. ​IV a YeU\ 
VLPSOe SURbOeP Lf Ze NQRZ M ĺ SROYe XVLQJ OeaVW-VTXaUeV RSWLPL]aWLRQ. 
 
TZR SURbOePV: 1. Ze KaYe ​a lot Rf PLVVLQJ YaOXeV LQ R (UeVXOWLQJ PaWUL[), caQQRW MXVW eQWeU 0 
eYeU\ZKeUe 2. We dRQ¶W ZaQW WR deVLJQ aQd fLOO LQ M (PRYLeV) b\ KaQd, PLJKW be WRR dLYeUVe. 
 
TR VROYe SURbOeP 1: ​Optimi]e only for the known ratings, VR \RX VXP RYeU aOO WKe UaWLQJV \RX 
NQRZ, \RX WaNe WKe UaWLQJ WKaW LV NQRZQ. CaQ XVe VWRcKaVWLc JUadLeQW deVceQW. 
 
Negative sampling ĺ If Ze RQO\ KaYe SRVLWLYe UaWLQJV, Ze KaYe WZR RSWLRQV: 
1. EQVXUe WKaW U^W M aOZa\V UeSUeVeQW SURbabLOLWLeV (e[SeQVLYe, ORWV Rf QRUPaOL]LQJ) 
2. SaPSOe UaQdRP PRYLe XVeU SaLUV aV QeJaWLYe WUaLQLQJ VaPSOeV 
AOWeUQaWLQJ OeaVW VTXaUeV ĺ aOWeUQaWLYe WR JUadLeQW deVceQW. OSWLPL]e XQWLO LW cRQYeUJeV. 
If Ze NQRZ M, cRPSXWLQJ U LV eaV\ & YLce YeUVa. IQVWead Rf ZLWKKROdLQJ XVeUV/PRYLeV, 
ZLWKKROd UaWLQJV. 
 
SKRUWcRPLQJV Rf WKe V\VWeP: 
User bias: QRW aOO XVeUV aUe WKe VaPe: FRU a SeUVRQ ZKR aOZa\V JLYeV 5 VWaUV, 3 VWaUV LV UeaOO\ 
bad. HaYe WR WaNe LQWR accRXQW KRZ OLNeO\ LW¶V XVed WR JLYe a ceUWaLQ UaWLQJ. 
Movie bias: eYeQ Lf \RX KaWe aOO URPaQce PRYLeV, VWLOO PLJKW ZaQW WR Vee WLWaQLc, becaXVe 
JORbaOO\ SRSXOaU aQd PaQ\ SULceV. 
ĺ add bLaVeV WR WKe fRUPXOa. 
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ReJXOaUL]aWLRQ (L2): VRfW Za\ Rf Va\LQJ Lf WKe feaWXUeV aUe PXWXaOO\ e[cOXVLYe WKeQ WKe YecWRU 
VKRXOd VXP WR RQe. CaQ aOVR add LW WR WKe ORVV fXQcWLRQ 
 
Cold start problem​ ĺ SURbOeP LQ UecRPPeQdeU V\VWePV: caQ¶W UecRPPeQd VWXff WR QeZ 
XVeUV VLQce WKe\ dRQ¶W KaYe a KLVWRU\ + caQ'W UecRPPeQd QeZ PRYLeV VLQce WKe\ KaYeQ¶W 
beeQ UaWed. Need VRPe LQLWLaO UecRPPeQdaWLRQV. TR VROYe: 
ĺ LQcOXde LPSOLcLW µOLNeV¶/LQfR (ZaWcKed bXW QRW UaWed, bURZVed PRYLeV eWc. caQ be QRUPaOL]ed) 
ĺ LQcOXde VLde LQfRUPaWLRQ (cRPSaUe WR VLPLOaU XVeUV. UVeU feaWXUeV: aJe, RULJLQ, ORJLQ eWc.) 
 
Important: WLPe/WePSRUaO d\QaPLcV 
1) TKe Za\ QeWfOL[ aVNed fRU UaWLQJV cKaQJed, bLJ LQcUeaVe LQ OLNLQJ ĺ QeedV cRUUecWLRQ 
2) OOdeU PRYLeV RfWeQ UaQNed KLJKeU; SeRSOe ORRN VSecLfLcaOO\ fRU WKeP VR KLJK UaWLQJ. 
 
Validation: ​NR WUaLQLQJ RQ daWa fURP WKe fXWXUe! AOO WUaLQLQJ daWa VKRXOd cRPe befRUe aOO 
YaOLdaWLRQ daWa, ZKLcK VKRXOd cRPe befRUe aOO WeVW daWa. 
 
DLffeUeQW Za\ WR WKLQN abRXW PCAĺ LW UedXceV WKe dLPeQVLRQaOLW\ Rf a 
PaWUL[. FRU eacK LQVWaQce, LW cRPSXWeV a VPaOOeU feaWXUe YecWRU ZLWK feZeU 
dLPeQVLRQV WKaQ WKe dLPeQVLRQV daWaVeW VXcK WKaW aV PXcK LQfRUPaWLRQ aV 
SRVVLbOe LV cRQWaLQed. CKRRVe cRPSRQeQW (QXPbeU):MXVW befRUe WKe 
LQfOecWLRQ SRLQW (bLJ dURS LQ JUaSK). Idea Rf PCA LV WR cKRRVe WKe 
cRPSRQeQW WR Pa[LPL]e YaULaQce (VLPLOaU WR PLQLPL]LQJ UeVLdXaOV) 
MaWUL[ facWRUL]aWLRQ ZLWK VTXaUed eUURU ORVV acWXaOO\ WKe VaPe aV PCA 
YaULaQce UedXcWLRQ. DLffeUeQce: LQ PCA e[SOLcLW cRQVWUaLQW WKaW aOO 
cRPSRQeQWV VKRXOd aOO be RUWKRJRQaO WR eacK RWKeU/eLJeQYecWRUV. 
 
PCA: YaULaQce Pa[LPL]aWLRQ LV OeaVW VTXaUeV. ObMecWLYe Rf Pa[LPL]LQJ YaULaQce LV eTXLYaOeQW 
WR PLQLPL]LQJ UeVLdXaOV. 
 

- ZKeQ \RXU WaVN cRQVLVWV Rf OLQNLQJ RQe OaUJe VeW Rf WKLQJV WR aQRWKeU OaUJe VeW Rf 
WKLQJV, baVed RQ VSaUVe e[aPSOeV, aQ OLWWOe LQWULQVLc LQfRUPaWLRQ, PaWUL[ facWRUL]aWLRQ 
Pa\ be aSSURSULaWe (WZR bLJ fLQLWe VeWV Rf WKLQJV aQd a cRXSOe Rf OLQNV) 

- UePePbeU WR YaOLdaWe/WeVW cRUUecWO\ 
- e[WeQd \RXU PRdeOV ZLWK bLaVeV, UeJXOaUL]eUV, LPSOLcLW OLNeV, VLde LQfRUPaWLRQ aQd 

WePSRUaO d\QaPLcV 
- Sca LV OLNe PaWUL[ facWRUL]aWLRQ. Sca XVXaOO\ RSeUaWeV RQ cRPSOeWe PaWULceV (daWa 

PaWUL[), MF XVXaOO\ RQ LQcRPSOeWe PaWULceV (XVeU UaWLQJ eWc., PLVVLQJ YaOXeV) 
- collaborative filtering ​ĺ aQRWKeU QaPe fRU Ldea Rf UecRPPeQdeU V\VWePV XVLQJ 

PaWUL[ facWRUL]aWLRQ e[LVWLQJ UaWLQJV. 
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Lecture 13: Reinforcement Learning 
RL​ ĺ aJeQWV WKaW beKaYe aQd OeaUQ LQ WKe ZRUOd aW WKe VaPe WLPe. 
OQOLQe V\VWeP WKaW OeaUQV aV LW LQWeUacWV ZLWK WKe ZRUOd. 
Markov decision process ​ = fRU a JLYeQ VWaWe, WKe RSWLPaO SROLc\ 
Pa\ QRW deSeQd RQ WKe VWaWeV WKaW caPe befRUe. OQO\ WKe 
LQfRUPaWLRQ LQ WKe cXUUeQW VWaWe cRXQWV. 
 
RL caQ be XVed (f.e.) fRU PRdeOLQJ WZR SOa\eU JaPeV ZKLcK PRYe 
LQ VXcceVVLRQ, VXcK aV cKeVV. AOO VWaWeV aUe 0, e[ceSW ZKeQ \RX 
ZLQ, WKeQ LW¶V 1. DUaZ LV aOVR 0. OQe beQefLW Rf RL LV WKaW a VLQJOe 
V\VWeP caQ be deYeORSed fRU PaQ\ dLffeUeQW WaVNV, aV ORQJ aV WKe 
LQWeUface beWZeeQ WKe ZRUOd aQd WKe OeaUQeU VWa\V WKe VaPe. DXULQJ WKLV PRdeO, Ze PaNe WKe 
markov assumption:​ WKe RSWLPaO acWLRQ LQ WKe cXUUeQW VWaWe dReVQ¶W deSeQd RQ aQ\WKLQJ bXW 
WKe cXUUeQW VWaWe. 
 
Reward function: U(V,a)= 1 (KLJKeU WKe beWWeU). IQ PRVW caVeV, WKe aJeQW ZLOO QRW KaYe acceVV 
WR WKe UeZaUd fXQcWLRQ aQd LW ZLOO KaYe WR OeaUQ WKeP. ​Deterministic policy ĺ eYeU\ VWaWe LV 
aOZa\V fROORZed b\ WKe VaPe acWLRQ. ​Probabilistic policy ĺ aOO acWLRQV aUe SRVVLbOe, bXW 
ceUWaLQ RQeV KaYe a KLJKeU SURbabLOLW\. ​Policy network ĺ OeaUQV WKe fXQcWLRQ fURP VWaWe WR 
acWLRQ (WKe SROLc\) dLUecWO\.  
  
Credit assignment problem/dela\ed reZard problem ĺ ​ TKe PRVW UeceQW acWLRQ Pa\ QRW 
KaYe aQ\WKLQJ WR dR ZLWK WKe UeceLYed UeZaUd; PLJKW KaYe beeQ fURP ORQJ WLPe aJR aQd LW¶V 
RQO\ QRZ Sa\LQJ Rff. 
 
TR aYRLd WKLV SURbOeP/ 3 aSSURacKeV WR RL: 
1) ​Random search​ ĺ SLcN a UaQdRP SRLQW, aQd aQRWKeU SRLQW cORVe WR LW. We cRPSXWe WKe 
UeZaUd fRU bRWK Rf WKeP b\ UXQQLQJ VRPe VLPXOaWLRQV, aQd aYeUaJe RYeU WKeP. If LW'V beWWeU 
WKaQ WKe ROd SRLQWV, Ze VZLWcK WR WKe QeZ VeWWLQJ. 
 
2) ​Polic\ gradients ​ ĺ WKeQ UeacKLQJ a UeZaUd VWaWe, OabeO aOO SUecedLQJ VWaWe acWLRQ SaLUV 
ZLWK WKe fLQaO RXWcRPe. If VRPe Rf WKeVe acWLRQV ZeUe bad, RQ aYeUaJe WKe\ ZLOO RccXU PRUe 
RfWeQ LQ VeTXeQceV eQdLQJ ZLWK a QeJaWLYe UeZaUd, aQd RQ aYeUaJe WKe\ ZLOO be OabeOed bad 
PRUe RfWeQ WKaQ JRRd. UVeV bacNSURSaJaWLRQ. 
 
3) ​Q-learning​ ĺ cRPSaUeV WKe e[SecWed XWLOLW\ Rf WKe aYaLOabOe acWLRQV (fRU a JLYeQ VWaWe) 
ZLWKRXW UeTXLULQJ a PRdeO Rf WKe eQYLURQPeQW. TKe ​discounted reZard​ LV WKe YaOXe Ze ZLOO 
WU\ WR ​Pa[LPL]e:​ KeOSV WR fLQd WKe SROLc\ WKaW JLYeV XV WKe JUeaWeVW UeZaUd fRU aOO VWaWeV.  
TKe ​value function​ JLYeV XV WKe dLVcRXQWed UeZaUd fRU WKe fXWXUe: KRZ PXcK Ze e[SecW WR 
JaLQ. UVLQJ WKe YaOXe fXQcWLRQ, defLQe ​optimal polic\ ​, ʌ*:  SROLc\ WKaW JLYeV XV WKe KLJKeVW 
YaOXe fXQcWLRQ fRU aOO VWaWeV. ​Optimal value function​ cRUUeVSRQdV WR WKe RSWLPaO SROLc\. 
CaQ VROYe b\ UeZULWLQJ RU LWeUaWLRQV. Q-OeaUQLQJ dReV QRW WeOO \RX KRZ WR cKRRVe WKe acWLRQ. IW 
Pa\ be WePSWLQJ WR XVe \RXU cXUUeQW SROLc\ WR cKRRVe WKe acWLRQ, bXW WKaW Pa\ Oead \RX 
UeSeaW eaUO\ VXcceVVeV ZLWKRXW OeaUQLQJ PXcK abRXW WKe ZRUOd.  
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Stuvia - Koop en Verkoop de Beste Samenvattingen 

Exploration vs. exploitation tradeoff ĺ If \RX fLQd VRPeWKLQJ JRRd eaUO\ RQ, \RX ZLOO RYeU 
e[SORLW WKaW, aQd QRW e[SORUe PRUe. MaQXaOO\ PL[ e[SORUe aQd e[SORLW.  
 
AlphaGo 
- dLffLcXOW becaXVe Rf KLJK bUaQcKLQJ facWRU + UeZaUd cRPeV YeU\ OaWe 
- WKe UXOeV Rf GR ZeUe KaUdcRded LQWR LW, aQd LW OeaUQed b\ VLPSO\ RbVeUYLQJ e[LVWLQJ PaWcKeV 
- befRUe AOSKaGR, QRbRd\ ZaV XVLQJ ML WR VROYe WKeVe SURbOePV LQ JaPeV 
- MLQLPa[ XVeOeVV fRU GR ĺ WRR PaQ\ RSWLRQV/QRdeV 
- TKe fXQcWLRQV WKaW AOSKaGR OeaUQV aUe cRQYROXWLRQaO QeWZRUNV. OQe W\Se LV a ​polic\ 
netZork ​ (fURP VWaWeV WR PRYeV) aQd RQe LV a ​value netZork ​ (fURP VWaWeV WR a QXPeULc 
YaOXe).  
- TKe QeWZRUNV aUe WUaLQed b\ UeLQfRUcePeQW OeaUQLQJ XVLQJ SROLc\ JUadLeQW deVceQW. DXULQJ 
acWXaO SOa\, AOSKaGO XVeV aQ MCTS aOJRULWKP.  
 
WKaW aOVR KeOSed LQ GR ZaV ​rollouts. PLcN a QRde aQd JR dRZQ TXLcNO\ WR a VWaWe ZKeUe \RX 
eLWKeU ZLQ RU ORVe.  DR a feZ WLPeV aQd PRYe WR WKe VWaWe ZKeUe WKe PRVW UROORXWV ZRQ. 
CRQVLdeUed WR be a VRUW Rf YaOXe eVWLPaWe fRU \RXU fXQcWLRQ. 
 
FLQaOO\, WKeUe ZaV ​Monte-carlo tree search (MCTS)​ ĺ cRPbLQeV UROORXWV ZLWK LQcRPSOeWe 
WUee VeaUcK. 
1) SeOecWLRQ: VeOecW XQe[SaQded QRde. TKe UaQdRP ZaON VKRXOd faYRXU QRdeV ZLWK a KLJK 
YaOXe, bXW aOVR e[SORUe WKe QRdeV ZLWK ORZ YaOXeV (e[SORUaWLRQ/e[SORLWaWLRQ WUadeRff) 
2) E[SaQVLRQ: OQce Ze KLW a Oeaf (aQ XQe[SaQded QRde), Ze e[SaQd LW 
3) SLPXOaWLRQ: FURP eacK e[SaQded cKLOd Ze dR a UROORXW. 
4) BacN SURSaJaWLRQ: USdaWLQJ aOO WKe QRdeV abRYe WKLV cKLOd b\ LQcUeaVLQJ WKe QXPbeU Rf 
UROORXWV.  
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