General Guidance : overfit
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Genera! [Ioss on training data]
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data augmentation except HW 11

-+ make your model simpler
trade-off
- Split your training data into training set and

validation set for model selection
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* Solution: redesign your model to make it more
flexible 56
More features
y=b+wx, —py=b+ijxj

Deep Learning
(more neurons, layers)
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Optimization Issue
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Gaining the insights from comparison
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= Diagnosis: large loss on training data, and you
believe your model has sufficient flexibility (?)

* Gaining the insights from comparison Optimization issue
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Start from shallower networks (or other models), which are easier to
train.
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If deeper networks do not obtain smaller loss on training data, then
there is optimization issue.
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* Diagnosis: large loss on training data, and you
believe your model has sufficient flexibility (?)
* Gaining the insights from comparison

+ Start from shallower networks (or other models), which
are easier to train.

* If deeper networks do not obtain smaller loss on
training data, then there is optimization issue.

|| layer | 2layer | 3layer | 4layer | 5 layer

2017-2020 0.28k 0.18k 0.14k 0.10k 0.34k

* Solution: More powerful optimization technology
(next lecture)
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General loss on training data

Guide large small

model i
bla/ wmlzatlon [ loss on testing data]
large smal
make your Next Lecture
model complex
? nn
i overfitting mismatch

more training data (not in HWs)  Notin HWs,
data augmentation except HW 11

-+ make your model simpler
trade-off
. Split your training data into training set and

validation set for model selection
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% testing data loss, {15Rtesting data lossti/\ BLEX P strong baselineld B/ NS 1 i+ EEFHAY
MR T .
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General loss on training data

Guide large small

model i
. / Wmization [ loss on testing data]
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more training data (not in HWs)  Notin HWs,
data augmentation except HW 11

fnssnnees make your model simpler
trade-off
¥~ Split your training data into training set and
validation set for model selection
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* Small loss on training data, large loss on testing
data. Why?

An extreme example

Training data:  {(x%,91), (x2,92), ..., (xV,9")}

_ i xl =x : |
f(x) [mndom otherwise €3NS nothing ... !

This function obtains zero training loss, but large testing loss.
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==== Real data distribution
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® Training data
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==== Real data distribution
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@® Training data
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Data augmentation (you can do that in HWs)
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* Less parameters, sharing parameters Fully-connected

* Early spotting
* Regularization @
* Dropout
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Bias-Complexity Trade-off

r 3
loss Testing loss

select this one

Training loss

Model becomes complex
(e.g. more features, more parameters)

FrBtLREA TS B8 &ifunctiontbi®, IS HLLR S X RE— MRS ZRIImodel

BB— NI EZIModel IIR{RBE ERItrainingfdloss R &I BEEmodel#ERikEZe, Training
A9lossETLABESKREMIE, (B 2 testingAYAHRIE, Zimode l#ERIES ZXAIAHER, RIFFIE, {RAYtestinghlloss& IR
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ROZEER LA T TRAEAY 0ss L8 T JE{FEAYtesting loss, EEREHIXHAIModel B

—MREXZH FEEARE IREASFFEEEMINE (R RETM X EMAY SEHRR X1
kaggle AR ZI L& A LIRIEE S 715

Homework public private

Model 1 ————mse =0.9

Model 2 ———mse =0.7

Model 3 =———mse = 0.5|—~ mse > 0.5

FrLMBIR B = MEEL, ENNERIREEAK—R BRAIE IS — MEEL A SRINEF, i 5
T EAIRFIER RAREREZ M5 overfitting K EIEEAIE model biasAYa) R, BB ERERE— MR
MEH,AEDHE FBERET

IBIX =/ MEBIERER I TR RS LR kaggle L (R BTHIRIE TIRAIDE BB D EERK B8
MR BN R ERIFHIEEY

ERFARENRXER, BT ERRRX e



Homework

public private
Training Set Testing Set Testing Set
Model 1 mse =0.9

Model 2 ———mse =0.7

Model 3 mse=0.5|—~ mse > 0.5
| heat baseline!  No, you don’t

The extreme example aqain

5i i
frc (x) = y X' = x‘ Je: 1 - 10000000000000000000
random  otherwise

It is possible that f54750(x) happens to get good performance
on public testing set.

So you select fs6789(X) - Random on private testing set

A IBE— MR T B TBER A B MKIRAIGIF 2 H 3K BRIKIER —Efmodel jX—Efmodel
FAOEAHEEIFER 118 — M modelEA KA #E—TELAIfunction FH1E—EI—JkN
model X—Z|—Jk P model FFIBAMHE learnH3EAIfunction, &2 — T 24bA9function

ENaMISEEHE IGSERENERMIEEIC TRINGEREIN MEiZoutput BEHNAER

BFIER —IE MEEL BHMABHEX—Ib MEERIER B8 L& F kaggle LE RHEEI—IL DD EL A
[EEX—IERI D EHER, B— MERET (RS MR R RIFH

BREAE—MERL, B XN Testing data_L[H X/ Mesting dataBEBIRB AN, LA T LAY
SRECERENAY, (BESATEtesting data L, itH VLS R EREREN LAY (EZIRRERRIBEH (R 2R S HKE—1MF
REER FTLAEIF RS 75t/ \JLAAEBIMERL, B HRAYfunction, IEff#Etesting data_EH, BisS{R—NTF
AR BMIFSREX RS X modelfg S H75t/\ L2 1M Fmodel XM FmodeliSEI—MF
function

ERATHELRRNNA BIFAAIE B M function fEIXtesting data L A3 IFHISR ATLUR
T X MERAE, XA EFiEX— / model,iX/Munction, Z{EBIIRE LENEE, MMEBRR
[EEME. private testing set FAYLER

{EE2MBRZHEM FEMSBIEEENER R A X M mode EEE 2 HEN LAY, S8 IF Epublich
testing set data LHESEI—MFER (BREEprivatefifitesting set k, ATHE(IAZKENAY

A X Mesting set, 3 Ak publichsetiRprivatefset {RIEEB D EIRIRHE (RRBEEEpublichIn %],
privatef95#iZE deadlinelAf5 74 B (BRIZIRIEHMEEIIIHR (R5T 2B (R Epublic set LAY, tBHL
leaderboard LAY &) SRIEIFRAVERIANE (ROl s SIXMET . {RTEpublicilleaderboard_EEHERT
+ {8 2deadline—455 ARl ORSHEE T IXHE (RFHREI =B R 25N MBI XSGR NXBES AREAET
SRR —TFE 2N BRAE.

| beat baseline!  No, you don’t

TOP 10/IN PUBLIC LEADERBOARD

What will happen?

Ay
D

http://www.chioka.in/how-
to-select-your-final-models-

in-2-kaggle-competitio/ RANKED 3XX IN PRIVATE LEADERBOARD

g e




MEXHFEEHAEER eSS BFHEXFEFIINREE IIRESFRIISEpublic 2
HENEEDERIAHE (REpublic EAENGERT R RGBIR— R EKIIAER BprivateflI02mE,
ZpubliciRprivatefI5 #ERE BBT B LFHA, R R B privatefID EHIRHE, K EXFRIT AROSHSEE
PR EFEF AR RIEEIEEBVERID

B AHER(IEBtestingliiset, 3 FipublicERprivatelg, 5 E( I AL FiEIEER S publicHiiF IR, A
HEEEMARE B EELAREEHRER ARER Cprivate EHEREMHE

1RE RS BIRFERYdatagBEpublic BBERNIA M MEE— N —TE2LHIModel 527 —T 2%
ffunction, BB BEfEpuUblichYdata_EHE SEIFHILER MNEFKIISKRBpublichJtesting set, ;g5
privatefitesting set BRRHMEIEE—ME, A#firandomELE B H YT A A MiBrandomaYisit, L&

ENBERSERN EARERNEN MEEBNRSX (FEEE AEXLE B EBNEEHM
B ARETERASRIUR, publichItesting data@ AT AR LATEpublichY, testing datafI455R, BB(RH
BHE—MRERAVER E4E T REAfunction, B AT sEERIEREIF AL,

FRLAH T X2, RRBES AR K18 HEZEIpublichtesting set, FAHEEZEprivatefy
testing set, AAG{RESTARELR, AEM{Rpubliciitesting set, EIE{RAVIEE, R A(ROTaESTE, privatefly
testing set L SEMRENER BBRNIE A ST (REpublic set EHEAYIFRIERBBEEDEFTLUEED
B, 5T BaiR #iRaIResiit, iF BB G private setfI4EER i REpublic setfI4ER ARSI EELRE
MEVER, £ L1EEIKagglesk AR BB IRBEA BT, IEFRET L H— MFRIER B 7 R (RRE N x4
=15 FriLAEEH _LERIRS IR =R ERMREL R EEAYER AR publichItesting

Bscore

Cross Validation

BREIREEEMA EEModel, A B SIEAIE, BB ER I AR IX METY AR BN R AR E th &R S
REMF 7 AREBTrainingl93=ZH 3 EFE, —88 2 IU{ETraining Set,—&B4=EValidation Set

public private
Training Set Testing Set | Testing Set

Training Validation
Set set

Model 1 ——— mse = 0.9
Model 2 ——— mse = 0.7
Model 3

mse =0.9—— mse>0.5

N7 BB mE A B EN, B 0% ERIBE Training SetiEH, B 10%A &R, SRS KM
Validation Set {RfETraining Set_Li)llZxHRAVEEL (R{EValidation Set LHE, EEE BRI £ (RRHE
Validation Set EEf53 81, EHbikER BIEXMNMER L1EEIKaggle LE EBEREEINIpublichISDEL,
BBEAIRIEN D ERHRTR, 2 Validation SetskHkRAIModel FRLMREIpublicAITesting SetAI4%, #iaT
AR RZ{/REY, private Testing SetBY0 84 #itb iR A= 1E2 i, fEpublic L HERRIF (B2 Eprivate LHZE
RIRE XEFHIRR
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public private

Testing Set | Testing Set

Training Validation Using the results of public testing
Set set data to select your model

You are making public set

better than private set.

Training Set

Model 1 ——— mse =0.9

Model 2 ——— mse =0.7 Not recommend

Model 3 mse=0.9—— mse>0.5 mse > 0.5

SEAE G, HRERpublicVERIG AR EEEEE REENRIAET 7 —HREL AR A
Validation Sett@&E— T3 7 — MERKZIpublic set ELAS, AIMERAGF RESLAK AT gEARIBX—
SR RERRIVREL B RIRIX— 1 routeffR IR AFIRYRIRAY, public Testing Set EAYZESR, KAEAR
AImodel XS X ARe G T BEAIE {RAYpublic Testing Set L, SAfG#Eprivate Testing Set L 5%
HUEER, ANTIRGF R IEFA 16 BRI _EAERDREL FTLAUX A Nroute {RIIEEINEERSZIR, BT LB RAR IS fit
£, publicATesting Set_FEAVZR.

BREANEIRS KA A, publichdTesting Set LEIEER, R ARETLUEZIN RAEREATS2 REEF
R AT LAREIEELEL FTLAMBRIR B — N AGRISE— R AE (R SIEEEE I E CHB =R — L
B EBRNAME—R T EiE RETREN ST BBECA RS UTHY, BRMtEsakiR, RESER 2N ST
19 BEEME S —a T IIX MR RS RS R &K, CEANEREITARRY fREE N ESRIE—1 I E
IR (FRESTHAE R LK AR E— T (FAEER BE— T A BRI T RXE BB/ T
(RAFEAREIR IR (RAEE {th RIEIT ERIZLIE, FitEpublic leaderboard FHERI/LEHY, F EprivatefRR
ZESIERIXEF FrLAEpublicETesting L SEIKFRIER B ARG KRR, HL SIFRIMIL #2
Favalidation loss, &/NIEREHEFETF 7 MEIRREXRE /REpublic Testing SetAY%5R XiF, BREANEN
TESL{E L ARR KT BEIX B, R A public sethIEERIREER A S RAVEELAOSEE T sf 2B 8
HEY (B 2REH/DEFEBAN, public Testing Setf4EER#F

% F EBNEE BRER—TRIZ I NRZFAYERE AR5, FrAFA 1R8E%E public Testing Set
AOLEERIS, A8 2 IBA8 _E{ReiAValidation SetHkmids ARG EELAS BB B i3 strong
basselinelAlg IAEBENE 7 BT R AT LABR, {RoverfitfETesting Set_EHE,1F BMERXIAE
—NEE FL 2B Training Set,BRValidation Setlg, BRANSREBNSGEEE, F 2RO B (B 2(RAT8E
SR IBARFERIXND BTN BT S BMRERAValidation Set S SHFIIERRE,

N-fold Cross Validation

WNRIREIXMMEOHYE, BMRATLABN-fold Cross Validation,

Training Set Model 1 Model 2 Model 3

Train Train Val mse =0.2 mse=0.4 mse=0.4

Train Val

Train mse =0.4 mse=0.5 mse=0.5
val Train Train mse = 0.3 mse =0.6 mse=0.3

Avg mse Avg mse Avg mse
=03 =05 =04

Testing Set | Testing Set

public private

N-fold Cross Validationgi2{RHBIRASIIZRERN NS, TEX M FEEBAWIN=F Y)5LAS,
FEHEFT—{3ZifEValidation Set, BRI Training Set AEXHEBREEE=IX
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Bt R ARAE— D (DX Train, =X Validation ARHE—DHE =/ HTrain, BN
Validation, E—#y24Validation, 58 — 5= Train

AR TR FE=MEEL (FAAER— N EF ) FHIEX =MEEL, FEIX = setting  fEIX =1
TrainingRValidationfy,data set_EH, IBEHIT—R FABIBX = MER, EX =K SE REPFISRE,
BE—MEREX=MINRNER BIER BEFENERETF

BREIEIIEModel 1HEREIF RAIX = MoldBHEHERE XM model 185 AEIREIEmModel

Validation, #¥ BRX M RiIX T JERAIHARILES, B LI TRmRtER A RIEI A

ARE T REIHRE AR —NIURE, SBERAR R ARZIAZITTN2/26, B2 SBRAIME AZNS, 2
RIS EER

Let’s predict no. of views of 2/26!
| dlayer

2017 - 2020 0.28k 0.18k
2021 0.43k 0.39k

4 layer
0.10k
0.44k

X RLERAIBMAVER, DB Z Ak T =EfInetwork FTLAFHIE=ERInetwork E MK —
T UTRURAIER FIMKEFESH T ARRERA=ENHNE MFEF 7 EEBLET

Let’s predict no. of views of 2/26!
_m 2 layer 3 layer 4 layer

2017 - 2020 Dk
2021 7 ak

Red: real, Blue: predicted

0 10 20 30 40 50 60

BENEREX M T XN E L X MEREN 2021 F/91 B15FHR —EE N ARLBN%E
BSLA9T IEEBRZEMNAIER 2/ 268X XN ESF20215F, WEAHRSH—X T AH1=897TN
EAENE I IFERYIS ERIFRIIA ERR2 58KXE S BISIAZR B TILX MERAE, LEARTREH
[ERTXAvideo FILAX—KE SENE AMESHI—X BB 8EFF4a7805 AR5 AR B e,
LR T —E—RIRNENES FrEiEE ot MRR=EAERRER2 RSk HXMRR—
EEEERYT ERR 8k A (BRI MEELALIMRIRY, 7152/ 26 iz 2 MR (BSERR £2/26 22— AME AR
REHISTEEE—MER EAREE AARIEBIENEN AFOINEIREABRFNEFEI AFED
8% ERSREBH EIT 7 AR ALFRRIWNEARERD 7 BR2/26 I T RERTIRR 17 BRXMEAGEER
RELY BRE S HINX AR, i B 2 75 S h—FMERAIZ L X PRIV B XA Emismatch,



General loss on training data

Gu;de large small

model
o / Wmlzatlon loss on testing data
ias
|3rge small
make your Next Lecture
model complex
4+
overflty \@ 2

more training data (not in HWs)  Notin HWs,
data augmentation except HW 11

fseenes make your model simpler
trade-off
™~ Split your training data into training set and

validation set for model selection

BEtE A=, mismatchth EE—FhOverfitting, IXHER AT LA, 1IX &R R 22 18E X A9, AR inEER
IAHIEERE mismatchBRIERERoverfitting BESLA—F, — & f0overfitting ARAT LAFIEEEZ A& R}
kiR (EEmismatchERBRiR RS REGIEGERMRE, Sl HEA—HER

Mismatch

* Your training and testing data have different
distributions. Be aware of how data is generated.

) II%%&EJ &R D RA—HERIRHR (R R BB I 2 SL iR B HE B 7 AR SLE S 49 RilAEm,
BAAZBRXMmismatchRIER FAJEBER B RIHF T FIARHIRUNE RIS hERS

i LANIZRk—RY, Covid 1 95MIRIE, RIRFA IS REHRHE 1) 4R SR BRI SSAYRT IR Bl i
2020 RYFHIRINNERER, 2021 FFRYEEHLR M ER, BBmismatchAYEIRRATRER R E 7 XM EATHLAIR
JT 7 — T AIRSKA20205 2511458, 2021 FLHMINE MRV EEHERRIS T BUSANESR )14+
REE S

732020 FRIETRHER 2021 FAYE KL NS RRID M ESCERE A FTLURE 20205 IR HER) |
25, 122021 SRR —RIE AL ARIRARATTNAZE AT LA R BV ECR A T BRI 0 KD ISR RIS,
¥F FRLAFA 124089 Rl ERAS B XMImismatchAIIE)EE ABRR TRk +—,

Training Data

Eiﬁ—

Simply increasing the training data will not help.

Testing Data

EBIEl+—FE fXImismatchBIaBRIG T A Fl+—BE— MR D EAEE X R T H)II4E,
EREREEEN BTNREMR KT T ALMRAIEX MNHE X MNHEEIN RIS B AR, 10
ERLREIRE DA L RIVEEMHE BT, FTLUXFh R R BB R AP Bl +—89RHERH, 17 BBRP
peini B EEME WERIEREAEmismatchi BBERSHAFEEmismatch AP BE{RNXNNE
KRB IR 7 AR 8e BRI ERNK . EE S N B —LIBMRE (R e EEAEIBE T
mismatchB94R5, 37 BRX R EIWELAITES,



	When gradient is small
	Critical Point


