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Lecture it attendance, Tutorial ;%% attendance.

iRkl

Data Split

NERFEIHESBING—MEEL (Model) , REGEINEIEFZIR, ATEEN (Prediction) . Eltt, #iEAIL
DREE.

IERER + st
Training Data Set + Test Data Set

ligrge: GAES, 2080%.

MiEE: BT R GseaaiHatEse, M TlgsE, BILIE.
AR SERE SR E R .

WIEREE + IRIEEE + MiteE
IGUEE (Validation Data Set) : BREW/MISHE, BT RETESEL

WERES)II% - IDESSTES - Wit SR,

3 BSIIE
Cross-validation

T cscT 3320 Hlass£] 9.3 LhiFsk .
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Cross-validation is a popular method used to evaluate Al models on a
small-scale data set. The general procedure is as follows:
@ Shuffle the dataset randomly and split the dataset into k groups.
@ For each unique group:

o Take the group as a hold out or test data set
e Take the remaining groups as a training data set

@ Summarize the skill of the model using all the model evaluation

SCOres.
Five folds
i
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iRaEM
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IEeEMER— MRS, FREMETD KEEZNTUER. EBM MR, —MEEFRTIUSES] (Predicted
Class) , —PMHEEFRRELES! (True Class) .
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TP FP TN FN

—HRIERRGRIEEMGE R BN RTTE, RIS

Actual
Class + Class —
Class + TP FP
Class — FN TN

Predicted

e TP is the number of True Positives
SCRRALE, IEFATRNIALE.

e FPis the number of False Positives
SCPRAR, ERTUALE.
B, Typelerror.

e TN is the number of ture negatives
PR, IERFT AR

e FNis the number of false negatives

SCFRAIE, $ERTENAGR.

TR, Type Il error.

HEIREE F5REE Qo=
A% TP FP TN FN AJLASH B /LB RN RIS
HERAZR (Accuracy) : jﬂﬁ%.

PR A ERETIEIEL 5.
HBHER (Precision) © 7ppp-

PR IEFR R ERTFRNAIEL .
BEER (Recall / sensitivity) © 7p—-

P IER AR IERETRNATEL L.

TR REXITUNLER, SH5HZR means if you test positive, you're probably positive. BRIFRZHIIHA, BEFMS, E
HABE ZHME, which means you're not missing many positives.

—sjeais
=xF3
Types of Learning

There are mainly three types of learning.


af://n46
af://n69
af://n84

BEFS

Supervised Learning

TEEFS

Unsupervised Learning

A

Reinforcement Learning

Lecture 2 &1%M0])3

Linear Regression
T K= term 2 cscT 3320 HL#¥) 6.3 &ftE  AESHRFIRAIFSITERBEAN, BERE—E
ERER—FERITEE, ATHITERESEXREZENXEA.

FZ&E (dependent variable / outcome / response variable) : AEZEFHNIAY.

HZ= (independent variable / predictor / covariate / explanatory variable / feature) : EIIEZERIEZE.

ZMET (Linear Regression) 2—MEIFEE, BRIEEZESEZTENXESELMN.
Intuitively, graphs of linear functions are straight lines / planes (Ey& ES4EHIETHE) .
Mathmatically, a function f(z) is linear if and only if f(u + v) = f(u) + f(v) and f(cu) = cf(u).
SHREFREERE, BREN, BBES—MENE.

2.1 A

Bl: BETFERFRUGSTE.

Index ‘ Areas (mz) | Rent (HKD) 300000 o2
1 40 134072 275000 i
5 92 182241 250000 ’
3 37 134731 £
4 124 204325 = sooo
5 88 187375 150000

125000

40 60 80 100 120 140 160 180 200
Areas

f: X — Y, where X C R" is the domain of input and Y C R is the domain of output. iIXE X is the domain of
apartment areas ({X—/MFiE) and Y is the domain of rent.

B#xr: take the given data as training examples and try to find a general mapping f : X — Y, which is close to true f
as much as possible.
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2.2 B3Il drdiim

2.2.1 EBYSAE
AR
Univariate Linear Function
XER) "B IEERBAWHIEE, FRRRE—I)IGEE.
G = Foo0 (x) = 012 + .

WNERAEHEIRAER 01 70 0o, BDREREMRIRBEETEIRNES.

2.2.2 Z4S1E

WMREZA features IAFHE, FESINSTELMERE:
Multivariate Linear Function
XER "Z" IEERERNHIE, FRINEEIIGETE.

0= Fooor.. 0,1,y 2n) = 0g + 0121 + -+ + Op.

IR, FTRGHSHMEHINK L, BABTFEAESRR (BIE/ RE / Bias Term EFUMI—IT) 45
.
SplAaREZ

9= fos,(X) = XTO + 0.

where
01 z1

©=]:|and X =

2.3 m MiJllgrEhiE

¥ 2.2.2 ZHEMU . X3F m xF samples / JIEREUE, 12

with respective labels y(l), y(2), ... ,y(m).

2.3.1 ¥UEIERE / BifRE
B m ANETESH AR (data matrix) X € R™", m MAZRE / in&&HAERAEZE Y € R™ (target vector) .
x W7 2V Lzl 4
X = e E y Y e
xmT fcgm) 2™ y™)
01
BiR: BB RENSMRE (ERAE O = | - | FHREM0) , 15 X S TZMEHSENTNmE V' RETheEsR
On

mEEY.
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A, STREMESEIIS AN

Matrix Representation of Linear Function

Y = fog,(X) = XO + 6.

where
0, g
0= and Y =
0, G
HIPMZEL m MRS E—E.
xR
xgl) Jiél) $$L1)
X0 =6, : + 0, : +-o 40,
mgm) wgm) w,(lm)

AR IRIIIRCRAN (RRAFEXIERAIFIARR) -

2.3.2 [REIR
bias term

AEER, EEE bias term 0 RKE © 1, FEE—MRAERFN— M EHIRE ©o = 1.

1 wgl) .’IJS) %o
01
1 :L'gm) :E;m) 0,

BRI EHIBRET R EL

Simplified Matrix Representation of Linear Function

A

Y = fo(X) = XO.
X {EE EEAGHES T NTT1E.

2.4 JL{IBRE

Geometry of Linear Regression

m NEEUE {(mgl), e :13511), yM), ..., (:cgm), . ,a:;m), y™)} SERIE (n + 1) #2518, The “fitting lines" for n-
dimensional feature space are n-dimensional hyperplanes.

FRXE ) = 1 MINGEEE.
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7 (n+1) #=RE, 8MMRH Y = XO + 6 EXT— n #HEFH.

IR, ARBUR n 85I MRS SEER—NEFE L, RAEFEASHEELM RS RETINAHFREMTS
FERIRRERRE MAY.

LMEIHBERII IR BEIREETE, HE%ETES) SSRGS hRIEL.

2.5 flilbimix
Optimizing Linear Regression
"BRIRIE / RIE" MREMHS, AR AER?

BER L, NFEMFERS, MIHEMESrEEEE/), Aitsls. ERESIGEHE (M) |, ERENSEE

2.5.1 BtFiREL
Objective Function
ig J(©) 79 Objective / Cost / Loss Function.

Goal: find the ©* that minimizes the function J(©).

2.5.2 FEFHM

Residual Sum of Squares (RSS)

@ EX
M RIRBEE XN TS J(0) FEEFH:

7©) =" (fo (x9) - 40)" = |fo) - Y2

=1
| - 113 FmER LSS
XERRLL m FE MSE, HIFTIRE. (B9 m XHERIZE RN,
T, RINESARVINRBRHIEETSH. SMEIAhRAR/IME MSE BHTHM, HFIUTRE:
o BREHEIS/ BOEY, BT TUIUEE SRR
o MSE MRISHTRRE ——BGRERMIESH, WAMARITEN FHIME MSE.

@ NIIERE

Geometry of RSS
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SIFEAMER, "residual" means the difference between the estimated value (the plane) and the corresponding training
label (red points).

2.5.3 HiBERIIHRE

HIAHE J(©) BXJIRSS, BIFER/ME RSS / MSE RUSERMAITEH O, Xiy5AME BRI _E (Ordinary Least
Squares) . #ORBMR: HEI—MUGHIZ AREMET) /B, EEME)IGEENTIIEELEZ BINREFSH&R/N.

EEREMIENMITEMSH. XBEIREEEEII.

2.5.4 3Rf#

@ B4
W 2.2.1 BHHE .

RSS for univariate linear regression:
J(6o,61) =

(ﬁm(w»_ﬁﬂz

(91x(i) + 6o — y(i))z

NgE

(2

II
—

I

I
-

(3

After expanding the quadratic term and reduction, we have

() =) Y7 (20 —7) (D )\’
o= 5003 (- EELe 20 0)

+m(fy — (§ — 017))?

m

+)° (y(i) - ﬂ) 2
=1
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{XBIRIRS 6y, 0, B*. EABIRIRIESR, to minimize J(0y, 61), let first two terms equal to 0.

2
m . .2 m (@) _F) (4D 7
{”‘M (o0 o a)

fi#1s
0 Y (9 -2) (y" —7)
{ Y (z( )79:)
90 =Yy— 91.’1)
XBz, yitENETEETs.
e

- ij (00— G- 0:2) + (01 (= 7) - (v -7)))
. i (00— (- 0:2))> + (01 (2~ 7) - (4 - @7))2 +2(80 ~ (- 0:2)) (61 (2 ~7) — (4 -
EEE: .
ﬁ;(;p(l) ~7) =0, ﬁ;(y(") -y =0
FrLAEA93Z R I li 17
> 2000~ - 0) (01 (+-7) - (s -9)) =0
FE

700,00 =m(by — G- 62" + 3 (61 (2~ 7) - (4 ~7))’

FHAMSE TR, ST,




@ ST
W 2.2.2 ZHIE .

~

0=0"= argm@inJ(@)

0=0"=X"X)"'X"Y

IEATITE.

HESIHE:
BRER 0 RIEINERE, HAET—MNANERTII— N EEIRE o = 1.
J () = || fo(X) — Y}

= X6 -)I(xe-Y)
=0TXTX0 - YT™X0 - 0"XTy +YTY

Let % =2XTx0 - X7y - X'y
=2X7(X0 -Y)
=0

= é = @* = (X_TX)ileY

XFNMSREATF 0, A 2.5.5 FiFHieA.

2.5.5* RRYTFIEE
ESTR content
ERIZME RN IFTHE
0" = (Xx) X’y

% (XTX) 11312, BXTX Tighg, EARIFIE.

Wie: XTX HHARHRaH?
HRIBEMAEENR, rank(X) =d + 1 (Hk) B XTX @it
d+ 1288 ) = 1 S IHE. d BENSUENERHITINE.

XERELM, B XTX aEBE[RY X FliEk.

WiE: Hessian fERFIEE/HIEE SHMTREFEMRIRER
F—PRBURE],

s X Ripkk, MIEZEIERER Positive Semi-Definite, ZEREEMEE, BEASS I EBH/IMES (A
0* = (XTX) XY Fz1) ;
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SNSR X iRk, MISREEKERS Positive Definite, NIEREEFROEL, S2BE—HS/MER 0" = (XTX) ' XTY

2.5.6* JL{EEAE

ESTR content

Y SRR JISRAATER— NETEN. I Y ASTLIM X (S TSISHARTIR (BaARM 0) , ==
na, FHEERT.

Y SERESAN (BASKIER) © JIBHARER—MEFER. 1 Y ESIsaE—MNe® ¥ i—Hias,
|V — V|2 ermawin. B, EERpEEnasTsme), NuSEn —fREesmg.

26 RESHE

Bias and Variance
Due to the noise from observation, y = f(X) + ¢, where E(¢) = 0 and Var(e) = o
BRI FE— DA RAREIIRE, RENIISCHRONEIRE, TfFe

€ RBMERIEESCREXR f(X), WE v kABE T AR RATEE.

2.6.1 HREEFRNIRE

Expected Prediction Error

For any fixed X with label y, 'EX the expected prediction error at X 4
. 2
EPE(X) =E ((y - f(X)) )
2.6.2 (RE-HEDHR

Bias-variance decomposition
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12 Bias(f(X)) = E (f(X)) - (X)
var(700) =& (f0 - & [00]) )

MEREEF TR ERT LA RS -
EPE(X) = Bias(f(X))* + Var(f(X)) + ¢*

Heh, o? RIGEHSROEGNRTLRE. A, WF—EH EPE(X), Bias(f(X))#Var(f(X)) —M—A8hk.

The expected prediction error:

EPE(X) — Bla;S(f(X))z + Var(f(X)) _+_0_2 Low Variance High Variance

@ The expected prediction error is ' Q
composed of bias, variance and

Low Bias

irreducible errors.

High Bias

2.6.3 (RE-HERE

Bias-variance tradeoff
If simultaneously minimizing bias and variance, we can achieve a very considerable EPE.
However, in general, low variance will cause high bias, while low bias will result in high variance.

Think about we repeat the training process on randomly sampled data for many times.
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e For each training, if the model perfectly fits the training data, the prediction bias is very low but the variance will be
very high since the model will vary significantly among different training data.

¢ [f the model is constant among different training data, the prediction variance is zero but definitely the prediction
bias is very high.

Thus, we need to make a tradeoff between minimizing bias and minimizing variance.

2.6.4 3G / ”¥E
Overfitting and underfitting
& (Overfitting) : Low bias high variance

LS (Underfitting) : High bias low variance

2.6.5 Ya4gi%

Shrinkage methods

Ordinary least squares prone to learn a low bias, high variance model.

BEIE X

To improve the EPE, sometimes we would like to sacrifice some bias to reduce the variance.
Generally, tuning model complexity is a way to achieve better EPE.

Shrinkage methods are batch of methods for automatically model complexity tuning, e.g., Ridge regression and Lasso
regression.

2.7 ImY3

Ridge Regression
5| L2 IER.

Hridee _ argmin | X© + 0, — Y3+ )O3

He,

|©]|2 = 3" 67 nufi L2 Norm, FRIA—NERE A (ERETIR.
=1

Each time OLS is good at fitting training data but varies tremendously. On contrary, ridge regression suppresses the
variation of models but fails to give a perfect fitting on training data.
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OLS Ridge

1.50 1.50
1.25 1.25
1.00 1.00 //
> 075 > 0.75 s /
0.50 0.50 ;—{/
0.25 0.25
0.00 0.00
0.0 0.5 1.0 15 2.0 0.0 0.5 1.0 15 2.0
X X

5 (Assignment 1 Q2) :
Recall that we have learned ridge regression which is a shrinkage method to regularize the coefficients in linear models.
x (1)

X (2)
Suppose we have M samples X = . . The ridge regression penalizes L2 norm of the model parameters:

X (m)
@'l — argming || XO + 6y — Y[2+)©
for the ridge regression.

%, with \ as a positive scalar (A > 0). Let's find the analytic solution

(a) First of all, in order to be more convenient for the derivation, we rewrite the error function as:
m . 72
J(©,60) =Y [xm@ + ) — Ym} +AlO|2
i=1

Set X be the mean vector of all the raw vectors of X, then, if we change the form of J (@, 8,) into the following

rewritten function:
S [(x0) % < ®]? 2
J(©,8,) = [(x _x)®+00+xe—Yl} +A|O]2
=1

(3

Prove that, when §y = Y — X @, we can get the minimal value for J (@, 6;).

Solution:

J(©,6,)

. — J— ~12
X x)@ 100+ X0 - Y] 1 A|@|2

1 1

s
Il
—

(
[(X(i) — i) @] ’ — not related to 6,

+> (60+X0 - Y(i)>2

¢ 10

_|_

2 (X<‘> - i) 06, — 26,

Em: (X(i) - i)] ©® — 0 — not related to 6,
i=1

i=1

+ Z 2 (X(i) - i) (C) (X@ — Y(i)) — not related to 6
i=1
+ A|®]|2 — not related to 6,

m . S\ 2
By analysis, only the second term > (90 + X0 — Y(‘)) is related to 6.
i=1



ix%+xewﬂ2

:%[(ewxe—?)_(:w_?)r m

:%1:<HO+X®—Y> +%(Y(i)—Y>2_;2<90+X®_i> (vo_v)
_%(90+X®7)2+%(Y<‘)?)22(9O+X97);(Y<n)7)
:;(90+X®—?)2+;(Y(i)_?)2

i(awxe Y) >0,

ij(awxe Y) —0iff, = Y — XO.

= When 6y = Y — X @, we can get the minimal value for .J (©,6)).

(b) Next, let's define the centered input as Xgi) =X® — X, and the corresponding centered label as Yg) =Y Y,
Plug the above 6 into the loss function, try to derive that:

7(©,00) = 1.(@) =3[P0 - YI']" 4 Aoy (%)

=1
Solution:

By plugging oy = Y — X @ into the loss function, we have

(x-X)e +6,+ X0 - v0| 1 rje|3

%

~
Il
—

J(©,60)) =

(x¥ -X)e + (Y-X6) +Xo - me o2

I
%

~
Il
_

r . N2
xPe Y| + 0|3

Il
T

S
Il
—

(c) Finally, with calculating the first-order derivatives of J.(®), try to find the analytic solution ® for the ridge
regression.

Solution:

5.0 -3 [x%e - v¥] 4 Aol

i=1
= [X© — Y.[l3 + Al©]f3
= (X0 -Y.)" (X.0-Y,) + 076
=0'xXIX.0 - Y'X.0 - 0'X'Y. + YIY. + ) 0TO
Calculate the first-order derivatives of J.(®). We have
0 9
—J.(®
00 T(©) = EC)
=2X7x.0 - X7y, - XTY,. + 200
=2X'X.0 - 2XTY, 4220

—(0"X!X.0 - YIX.0 - 0"X!Y. +YY. + AOTO)

By letting %JC(G)) = 0, we have



2X7X .0 — 2XTY, + 220 =0
X’X.0 - XY, +20 =0
(XTX, + )0 = XTY,
® = (XX, + A1) X7V,

ps: XX is positive semidefinite. When A > 0, the matrix X2 X + AI must be positive definite and therefore
invertible.

2.8 EXME

Lasso Regression
5N L1 IER.
Lasso BTN USHIERENEN—F, RACHLUSFELERESHERER 0

Qlasso _ arglrgn [X© + 6 — YH% + MOl

n

Her ||©]]; = > |0;] (a.k.a. LT Norm), which is designed for measuring the sparsity of parameters.

i=1

Sparsity implies the number of zeros in ©. If many elements in © are around zero, less features will be used, namely,
the model complexity is reduced.

Lecture 3 Z&g[0])3

Logistic Regression

3.1 3 KIRE
Classification Problem
HEEPEREZH XA
51 1: Spam Detection - EAREBEHEN (ZH%, EHARE)
il 2: Image Classification - B4 (ZHH/ £HHK)

f§) 3: Cancer Detection - EiEIEN (=5, BHKH)

B#R: Given a set of samples, with different categories, learn a classifier. Then, the classifier can automatically recognize
new samples within the set of given categories.

XEEEIES>) & Closed Set Recognition, B Categories BRI MNEEFEY (pre-defined) .
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523392 Open Set Recognition.

XL 23 vs @3
e The output of classification is a discrete value.

e The output of regression is a continuous value.

3.1.1 EEFER

SEAEEE, #AL (X O, yO) poiard Il B, X O (BARIZEARIELE (feature vectors) , By 2
KBRS (category labels) , TIAEENIIERRAGESHE (JNFEFH) .

Suppose we have m samples, each has n-dimensional features. We can write these samples as:

x0 = (azgl), e ,zsll))
x@ = (a:gz), ... ,ar:g))
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312 295K vs B

Binary vs. multi-class classification

—4932& (Binary Classification) : Only two categories, usually, use 0, 1 to label the two categories (0 for negative
samples and 1 for positive samples).

151

e Whether an email is spam or normal? (0 for spam, 1 for normal)
e Whether a photo contains a cat? (0 for no, 1 for yes)

e Whether you will be admitted to CUHK?

%932 (Multi-class classification) : More than two categories, usually, use 1, 2, 3,

-

..., tolabel categories.

e Which animal is in the photo, cat / dog / pig / duck?

e Which CUHK College is a student associated with?

3.1.3 RFKBR

Decision boundary

Usually consider partitioning the entire feature space into multiple parts, one for each category (class). Data points
associated to the same category lie in the same partition.

Intuitively, decision boundary is a union of curves or surfaces (Z43ERT) that partition the feature space.

A X5
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3.1.4 K5 KER

Linear Classifier
Linear classifier is a kind of linear models, which classifies data based on a linear combination of input features.

Decision boundary of linear classifiers is a union of straight lines / hyperplanes, e.g., left figure.

For a linear binary classifier, its decision boundary is a straight line / hyperplane that partitions the feature space into
two half-spaces.

.

A x . Decision
£ ‘ Boundary
\

3.2 25803
Logistic regression for classification
K= term 2 CSCI 3320 Hl#i%¥> 6.4 &iEET .

Logistic regression models the probabilities for classification problems with two possible outcomes. {RiZZ 48R |FEH1E

HEYERT LR BRRE 1 (IR
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BIEEIEEER signoid BUEREMRR SRR, R BEIZHE, WA softmax BUEREL, FR/9 Softmax [A]
J3. Softmax [EFRTLAARA X _ERGEEERE]S.

*7F Softmax [E])3, T 6.3.1 softmax .

fBfASI, & Linear Binary Classification.
Given an input n-dimensional feature X € R™, and its possible category y € {0, 1}.

By definition, for binary classification, we would like to construct a model to estimate P(§ = 1|X), which is the
probability that our prediction is 1 by giving X.

HeliE s, &
P =0|X)+ P(§=1X) =1

#P(y=1|X)> P(y=0|X), y=1FaJaELSE, the sample with feature X is predicted to label 1 (i.e. § = 1).
Otherwise, the sample is labelled 0.

Equivalently, P(§ = 1|X) > 0.5, F@9 1; otherwise, T 0.

SR A EIRRLE
P(y[X)
rf
F
F
1{o o @ @
I
F
.i" -~
s
A T
0.5.4 f{: )
;’
F
Fa
o
r
0 0t0 6
R 0 X
F
F 4

BRI, HIERAVEERE (0, 1], BL&MmFRIEERR (—oo, +-00).

18 —7It) (cutoffrule) , & f(X) > 0.5, §j=1% f(X) < 0.5, = 0.

UFE1T, (ERZREEFMAK:



P(y[X)
i.' '
. &
’ #
L, -
100 @ e. 8000
-'ll ’
. r’
-
] s
.ii .ﬂ; -
0.5 .1 f(ﬂ})
.r' -
. -
, -
-
."-' '
¢ -
'y *
il- J
0 000
e 0 X
S
JI.l F

— TR map {&iE (—oo, +-00) — (0,1) A=, ERKHER. B FRIIN—LEFEF AL mapping B8,

3.2.1 &HEH / RS / e
Odds
BHSTF Event A, P(A) = p, P(AC) =1-np

The odds (&4LL / BEE / 122R) of event A is defined as

odds(p) = -z

The range of odds is (0, +00).

3.2.2 Logit i
Logit transformation

We define logit (a.k.a. log-odds) of an event A as

logit(p) = Inodds(p) = In (1]'%:0)

whose range is (—oo, +00).
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0.0 0.2 0.4 0.6 0.8 1.0

P

The logit(p) is called logit transformation, which maps probability in range (0, 1) to a value in (—00, +00).
R, BBV EEK logit ' (-), HALEEIE—H mapping &k (—oo, +00) — (0, 1) 75

ICHEIRIAIFTINES 2. V2 € (—oo, +00), Ip € (0,1) such that

2 = logit(p) = In (%)

b
1
—z:ln< p)
p

L1
e =—-1
p
B 1
p= 1+e*

Bp =logit ' (2) = 7=

Recall Z14[E]|FAEE :
fo.0,(X) = XTO + 6.

SIFTMME apply logit transformation (FEEEEEREN :

A - 1
P(y: 1|X)=10g1t I(XT®+00):m
X REE — D RIARRAV M 2RRE T

XFEERIEIA/5 U AYZEBENT (Logistic Regression) , BEIAASKIAFRZELMN GIANSIRFHEETERIFERERLF) .

3.2.3 Sigmoid FEY
Logistic Sigmoid Function

Logit 25RO sk logit ' () tayf Sigmoid &i&:

1
O'(iE) = 10git71($) = m
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Sigmoid FREHIEIEGE S 2 —— Sigmoid ERELHBNY S BUEREL

1.0

0.8

0.2
0.0
-10.0 -7.5 —5.0 —-2.5 0.0 2.5 5.0 7.5 10.0
MR:
e 0(0)=0.5
* m1—1>I-Poo O'(iL‘) =1

* zgrzloo 0'(:8) =0

o o(z) BIBBE (monotonic) , BHI—MEE4H (bell shaped) .

0 Appendix 1.1 —k& .

1.0 0.25
0.8 0.20
— 0.6 0.15
< <
b 0.4 0.10
0.2 0.05
0.0 0.00
-10.0 -75 -50 -25 0.0 2.5 5.0 7.5 10.0 -10.0 -75 =50 -25 0.0 2.5 5.0 7.5 10.0
X X
3.2.4 {REIR
bias term

W2.3.2 fmEm .
Logistic Regression:

1

P(’g: 1|X) :O'(XT@+9()) = m.
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e O and 6 are parameters learned from training data.

FNZeMEEIFRTRIESRIL, R, we absorb the 6 into ©.
. o Ty 1

3.25i%ie
BEEIFAIR
e Logistic regression exactly outputs the probability of y = 1 conditioned on the known input X.

o P(j=1|X) ERHFHR XTO = 0 EEHEE, X IFHARIFR D RISOFMHAAR labels HIHEA.

e Logistic regression is more robust to outliers.

P(yIX) P(y|X)
1 —i‘:”, Sscoloni : 1 - OO0 F"""0 e e
E'l ",;l’
q e 1.t
) : |
0.5 1 : 05 ¢
‘l : l.;'
H g
/l - ,"‘ :
........ 000 € LSRN % o o 05 il
0 X 0! X
3.2.6 "X &R

Logistic regression is a (generalized) linear classifier
RERINR J(XTG)) =05< XTO =0.

e XTO>0=9=1;

e XTO<0=g=0.
JUat, XT0 =0 2—/M8F@E. XTO > 0is the space above the hyperplane, while X7© < 0is the space below the

hyperplane.
H
S
) LR 23 suz. .20 " &
... .. ° °
:. °
X1
EEAIRER

Eit, ZEEIMREYSEIRDRIRE T MAIEMD K. CTRNRMRENHMERE X RREMXR, B

DRBEMR.
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3.3 fliibimix
Optimizing logistic regression
W K= term 2 CSCI 3320 HL#:%:>3] 6.4.4 %% & 6.4.5 BAE T .

XEAHFER 070 1, SHESHRVBFIANRKRLL; CSCI3320 XA £1 158, HALENSHIARNEERR. B
EEREAEIL.

UIMENREIT ) IR E0R BB ©7 Recall logistic regression model:

1

PH=1X)=0(XT0) = ————.

(1= 11%) = 0 (X70) =~
MLE, 555k

Given that we have training data:

(@0, 2y D), @, el )

wherey € {0, 1} is the given corresponding training label.

For each sample X () = (xgi), ey a:ff)) we have that
PEY = 11x9) = & (X(M@) _ 1 _
1+e <X(1) ®>
BN
. Ey =1, ®ME2 PHY = 1|X0)) Rosgsr 1;
. ) =0, #iEE P(j") = 11X ) RETagER 0.

We can write the probability that the label is correctly predicted as:

- P( =1x0 )ym (1 _p (g(i) _ 1|X(i)))1fy<i>

TEXERRBSRNCHEGER, FEESEMELAT.
o Whenyl) =0 = p; = P (5% = 0|XD);
e Wheny® =1=p; = P (3@ = 1| x®).
& joint probability for all the training samples, and maximize it to learn ©.

Since the samples are independent to each other, the joint probability can be written as:

3.3.1 ALK

p(O) is also known as the likelihood function w.r.t. ©. The method that estimates the parameters of a probabilistic
model by maximizing a likelihood function is called maximum likelihood estimation (MLE).
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3.3.2 XRIF]RE

Cross-entropy error function
Bt BAEISA p(O).
Recall p(©):

Maximizing p(©) is equivalent to minimizing — In p(©).

E(©) = ~Inp(©)

-~ (ﬁp>

m
== Inp;
i=1

- Em:m (P(g(i) - 1|X(i))

i=1

(@)

y (1 _p (g}(i) _ 1|X(i)>>1_y(i)>

[y(“ In P (g“’) - 1|X“>) + (1 . y“)) In (1 _p (g@ - 1|X(i>))]

I
.MS

Il
—

BEF, RIMBLTFREF ML, AT RESREMN. XE In E—MIEFRI, BIRAMUWAKM.
For each single sample, we define E;(©) as
Ei(©) = —yPInP (g(“ - 1|X(i)) - (1 - y(i)) In (1 _P (g(“ - 1|X(i)))
thus we rewrite E(0©) = > E;(0©).
Each E,(@) is exactly in the form of cross-entropy error function:
cross-entropy error = —yln P(y) — (1 —y)In (1 — P(y)), v < {0,1}

RXBEESRIE (information theory) RIS

In our case, P(y) = P(§¥ = 1| X ®), which is w.r.t. ©.

When y® =0,
NG i 1
Wheny(i)zl,
Ei(©) = WP (3 =1x0) = o —1
i(®)=-In (y =1 )__n 14 eX0
e
@ S
Convex

{EH E;(©) B9EH&, which shows a good property of cross-entropy error function: convex.
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— —In(1-P(y® =1]x1))

4 — —InP(y" =1|x)
S
o 3
>
o
o
o 2
v
o
Q

1

0

0.0 0.2 0.4 0.6 0.8 1.0
p(y(i) — 1|X“))
333 BET

gradient descent

@ BE

For a twice differentiable function f : R™ — R, the gradient V f(©) points in the direction of the steepest ascent or
descent at ©.

The gradient V f(©) is a vector defined as:

o= UL (0, 010

where 6; is the ¢-th element (dimension) of ©.

FSRS (directional derivative) : —MIBIFERAEERANNESF LIS, BeTRANEFRFIEZRES
PR,

By definition, the derivatives of f(@) along an arbitary direction is

© - f(©
Dus©) = i 1O 10 1)

where v € R, ||v||2 = 1is a unit vector along that direction.

MR—MrEGERRIGESA BN RASHHEE, WETLERAN—. BAEAFATN, SRSHENEKESTERE
ERrEE, SRNHOERBERNSRE.

TERHERBENSRAEREENTHUERER (EKRIR) 19756
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WEBR: 0 Appendix 2. BEEEHAALIT I SHL .

@ BHETRESEE
Gradient descent algorithm
BETEBENRSAERSH, BHERSEIVCERERE f(0).
KR7mE: TE&ERETE.

Gradient descent

Ensure: a > 0
Initialize © < ©( randomly
while not converge do
O+ 0 —aVf(0)
end while

a: ZJZ (learning rate) , BESE, ANIRE.
K FKXIE.
AR MELAKIER.
BIENZJE: Allowed to change at every iteration.

IR, BABN—EEEFILEREREKRE ARNEIRBaTCHEIEX.

® AR IFRE
Find the optimal © for logistic regression

Recall 3.3.2 & ¥tk . For each single sample, we define E;(©) as

E(©) = —yP I P ( =1]x0 ) - (1 - y@) In (1 _p (g@ - 1\X(i>))
thus we rewrite E(©) = >_ F;(©).
The analytic expression of E(©)'s gradient is

VE(©) =

It seems we cannot find an explicit solution to this equation...

RNEETIEA, BREERFABE NELLEE:
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Gradient descent for logistic regression

Ensure: a >0
Initialize ©® randomly
while not converge do

00 axy, (b~ 1) x0

14e-XxD7Te
end while

Lecture 4 XiH@ESH

Support Vector Machine (SVM)

4.1 ZiE533a8

Linear classifier

W 3.1.4 ZRPEspakas .

$% (Classification) : R3l. XOFIEFEESHRANIRE. BIREFI— RS, BB NRAIBTAELFIRTFFAR.
B: R SE79 "SR AR B “IFRIRER.

LMDRRE: —FETRNFHINSGMESHTEIRESRER. BRIFA—MNRKRILA (decision boundary, —MNEFEHE) 1§
MANEURIDARIES, DBIRIN—3EE5].

IR, ETEENRNSKESEERELMS K. BREERIIERASTINATIRENBMNHE X FHELMERR, BRR
RIDFRZLMER.

Example - —MEEBRI Tttt oLEs
FEARER(z) = wix + b= 0 EBFHE, TULERA wix + bRIERSRE. KT 0 NIEREAE, ITF 0 kA

1 ifwlx+b>0
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bias

inputs

weighted sum sign(-)

-1/1

weights

4.2 ZIFAEN

Support Vector Machine (SVM)

SVM Bir: SE—MEARKIAFRNOEETFE. M TEETDIEIE, FESMEFE, SYM NBREKRE & AGEFH.

BAWERE (Margin) © "R NEFESKRECERIAIEREERA. XNMES (ROME) #ARAER (Margin) . &X
WEPRI LIRS LSS HMEANASIEREN (noise tolerance) .

FRENENF, Margin EXAEIRARIESIIRE, ERNER N ERLFZERIES.

C&)Cb Boundary
/%y

(? rt t 4

upport vector

& /
74
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4.2.1 REIEFEIEREAN
Assume a hyperplane wlx + b = 0 that can correctly classify the samples.

Give an example point x;, the distance between x; and the hyperplane is

where x; and w are both d-dimensional vectors.
x; MR x AERMEENSE, ME—dHEE.

S Appendix 3. AFIHFHEHESEARK .

SVM K ABRREEFE, SR ER—MULRRE:

T . b
(w*,b") = argmax (min M)

w.b
ERE—LEME:
@ MELAKSR;
MABERLEEN, TENAEECTIRRIS.
@ MUBEREETREHE.

HMEHRETEAN "RIME (W, 0°), BENRSEREREHE (ow”, ad”), BFEESAE, BE— "SAE. 0
"BIEER BTN, EENLRERRE—NEFE. X6, BFXMREREM, MEETLLEE (W*,b*) AR EHH
EHRESE, TEERET, ML, BREmE—E

4.2.2 F—{LL93R
AT RREATEAEHRE, FflI3INE— LR,

BIESRHEREERERE, B (w,b) — (aw, ab) AHEEFE, EANES N REEFENES. B2, FHANE
IEEAI:

(w,b) — (aw,abd) i, SEHEFEIEEEENS TS SENEHIGEIY, FRE0. B4, MNERIISEIT LA =R
HSFHOE, 548 (w, b) ELUELEHERS, RAUEARNSRERET.

STFEITHMEIE, ER— MUENREIRNSERTYE (F—ERit) . SoRERaEaE, NPRIRmE, MR +17
~1 MSEAEICHIEERE, PA— BT TBRE— ERAR FISAR—EBE +1 7 — | (SESE/SAEEE
A

IR, RIMUERBXMIR, EREX MR —ERML.
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s APEETI o [wlx., +b| _ [wlx_+b| ST
JEXAMNEE T Yimin B (x4, y4) 70 (x_,y-) FRASIEER (support vector) .

l[wl [[wl

IR, BXEHELEHTIH—MHAR, BMEREXMRIEN "+1 1 -1 NRERZERIEEER" 4R, RIHEE
AILUES R4,

SEEEERD, B+ 1RSAEMNTE (xo, vy ), WBIESISEE (positive support vector) ; —1 FREHIBENT
A (x_,y-), MHASTIEER (negative support vector) . FHBENSH—BE (X, ys).

ETRMIE_NMIRERR w 1 0 ITRERE:

SIFAEE Yin, BEEAOR [wix, + b = [wlix_ +b| = 1. iF8, IMFEAERSEMRUAHE, MERNIREHREX
MIRORMR (EtRCREIESERAR |(wix, + b = |[wix_ +b| = a 188, EE2BS, REEY) .

WBY, Yuin = Ty ERTRLAEIBFEOER. BT EREIER (xi,vi), RAEE [wx; +b| > 1. R
(margin) Ay = 2Ymin = T2

f[w
EAXE— MoK, B

1 ifwTx 45> 0
-1 ifwTx;+b<0

AT OARMRE, XPMIEBFNT

41 ifwTx+b>1
-1 fwTxi+b< -1

EAEIAMNREIT, REw x; +b>0fi—sawix; +b>1, REwW x; +b< 00— wlix; +b< 1.

in — ||l
= argmin — (|w
gw,b 2



4.2.3 JUIENX

4.2.4 (RALBIR
B EFEST LS EIRORES RER . HBRA:
mil? %HW”2 s.toyi(wlix; +b) >1

IR, MU ETRIARATLMERRERE 4.2.2 040 PEIFENIR. SFERBENT.

4.2.5 WtgBIESRF %

Lagrange multipliers

W K= term2 CSCI 3320 Hl#%:>) 9.2.3 fufSHAHIR L .

HABR:
1
migl §||WH2 s.toys(wix; +b) > 1
in L w2 ui(wTx, -
@m1£12||w\| st.l—y(wx;+b)<0,i=1,...,m
m MIEEIER.

XRAFLAR, MWERMREARERA (Lagrangian) :

1 m
L(w,b,a) = 5||WH2 + Zai(l —yi(wPx; + b))
im1
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For each sample (x;,y;), it has a corresponding Lagrange multiplier o; > 0.
LEEREARARARE, B — yi(wix; +b) < 0B, SIMARAZERRF o; A0 (EHMAE) .

JUEIEN, MRFIBEENRMRE, MTEMNMSIFHENFAR, BERCHRNARNEER, BRABHAEX
MIRRGAF E (BRMAREXNMIR, AJLUERAEARZA) . BBLAZAIRAIERMPIR, FHEESSIFRLMEA
BHERISKAL.

MFEZLIR, R BRRESASESEERBAIRIBENIFRLASHED, BUTLIHE—ETRE.

EIFHERSI A ENEENRS A 0:

L(w,b,a) :—IIWH2+Zaz —yi(W'x; +))

= i=1

m
AL 0 W= ) oYX
ow
{_ - O S

0="> aiyi
i=1

0= > a;y; FRAFELIER (Balance Constraint) , EMIREEEYFEE, BA—EFELYEHE (HEF—TR
i=1
F) . RZIFA

4.2.6 YH{BIIR

TR, EEShHgEEEN w 1 0 (RS9 0 FHRBTEMRIAE, FE/AAMSHARFAEIRRR. 1B LIRS B FFHIMR
RERHSEHAE, STHFME, BEIRHMBARE (dual problem)

m m

1 m
ma Z 1—5220401],%3/]}: X;

i=1 i=1 j=1

s.t. Zaiyi =0,0; >0,i=1,2,...,m
=1

D0 Appendix 4. XH{HE .

This optimization problem is a quadratic programming (QP, ZJX#iXl) problem. There are many effective algorithm can
solve this problem, such as SMO (Sequential Minimal Optimization)

XIFXHMBIERE, EFE KKT A4
a; >0
yi(wix;+b)—1>0
a; (yi (wai + b) — 1) =0

o F—%: HRMARNRTFIFA.
o &K ARBREAR. EisRELNES
o F=HK: BEAMAMME, IETFAEBXIMABRT N0, SHFHENNAIRF > 0.

IR, BFE, ATHROR CHFRE) Mo ILIA0, ERSYMIRFLLE, FiRE o > 0 B9FRASHFE
B ARZHHEBILRS, MTaFRSHFRENAMSEARF—EXT 0.

IS BIERE
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BARME " (X2 EE, EmADE, mBIIGHERNTNE) & JURAw = Zazyzxz SRR

i=

W= Z a;yixi- REEREE—SFEE (x5,vs), H ys(w Xs + b) =11881b" = I - W Tx& where s € S

i=1
and S={i:a; >0,i=1,2,...,m} (the setofindices of support vector) .
XIFAERFK, REK o FRIEEH, BliINMINRMESIShE.

Pratically, we suggest averaging over all eligible support vectors to alleviate numerical error:

G, BRRETE:

4.2.7 SMO Hix
TR

IAEE—RIEERFET : WA HERRR

m 1 m m
S g3 et
i=1 i=1 j=1

BRIRME o

NBFFIERIME (SMO) Hi%.
TR

ARRERKIER SMO Y toolbox SRIBZISRE ot

4.3 I IETHEIRER SVM

SVM for non-linear datasets

TR SRR, NSRIEINUERE, AT NS :
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3 G o
s * o] 1 Decision surface
o] [+} =] =
° mm ° gl
o [ ] n
ol | o kernel ST
o ® Bl Kerne oL
o © = o o '-=II L=
A L L \ .-I-l'—.
o % m®m g " ©o
com ° 0.0,
Q ® oo © < «.000 Uﬂoogoﬂoocﬁo
s E" 0%08 -~ %88 —
o® - 8 090, %02~

BRESLERIGIMFHLEE. NS AR e TR A

4.3.1 SHTIR

(1)
w$%ﬁ$ﬂﬁm:ﬁﬁﬁ$<wm>,ﬂuﬁﬁﬁﬁ%zﬁ:
T

o IZEBRNEMFIRA T HEESAMZRITHE O EHER, WRBNESEX MG, SAEERRRID.

o THEETHIRARRI—ET D, RRE—MIF BR, BTRREFIGEINERYE, TLUSEERTEE, 52
— MM D RI4EEILE.

E1Z30HR, XHBIERRE
m 1 m m
Z Qi3 Z Qi 0YiY ¢ ¢(xj)
i=1 i=1 j=1

s.t. Zaiyiz(),a,- >0,t=12,...,m

i=1

NEHHIERL: very large feature spaces have potential issue of memory and computational cost. The “kernel trick” can
help alleviate this issue.

4.3.2 #Z§%15

Kernel Trick

IRBA NI FA SR BTG, Bt
)
$(x)=| (@)

Ao, —EIREIMERE, HHBEIFRA

fRTE: BINZLIL.
EF9SERR ERYAALIEIRE
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m

maxd e =5 303 ewadx)o(x)

i=1 i=1 j=

s.t. Zaiyi=0,ai >0,i=1,2,...,m

i=1
BD (%) T () HOHHEEREALATHTAY. ANEBATEIERS o (x) T b(x;) BHTEX, BD
K(xi, x;) = ¢(x) T d(x;)

which means k(x;, X;) is the function of x; and x;, and we don't need to calculate ¢(x;) and ¢(x;) explicitly (2=
#ts) . The k(x, x;) is called kernel function.

It allows us to operate in the original feature space without computing the coordinates of the data in a higher
dimensional space.

XIS T :
m 1 m m
m Z Z ;0 5Y YK XZ,X]')
i=1 =1 j=1

s.t. Zaiyi:O,ai >0,t=12,...,m

=1
EE, 2R function of x; and x; ERRTLUEIZERE.
FxhFe: Mercer .

F3 SMO toolbox BRI o, (SHEREN) RIEER

W= i a;yip(x;)

i=1

b = Zs(i —wlp(x,))
se
StEFEER wlo(x) +b* =0, B

D iid(x) 660 + 7o > Za:ym(xi)%(xs)) =0

ses Is

m m
= Za;yin(xw |S| Z Za;yiﬁ(xhxs)) =0
=1

seS Ys i=1

3R, RBTEEAZESRITE ¢(-)



Polynomial Kernel :

Sigmoid Kernel :

\V

—

K(xi, z5) = (] ;)
It represents the similarity
of vectors in training set of
data in a feature space
over polynomials of the
original variables used in
kernel.

4.4 5RIE)PR

Soft-margin SVM

K(z;, ) = tahn(Belx; + 0)

This function is equivalent
to a two-layer, perceptron
model of neural network,
which is used as activation
function for artificial
neurons.

Gaussian Kernel :

k(xi, x;) = exp(— 577

It is used to perform
transformation, when there
is no prior knowledge about

data.

Sometimes it is still difficult to find a proper kernel function to make the data completely separable.

Even though we find a kernel function to make the data separable, it may be faced with overfitting problem.

In this case, we can give up some noisy examples.

X (o)
x (o
O

2
[[#: — ;|

WiEkR: L HRE I ARERDERM

)
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4.4.1 Hinge Loss

RALERR: FESIME & ||w|? BERS, HEIN—MESTSRETHIEIRS LB RIEMAIRA. ¥ FIETRER Hinge Loss
(BHERK) |, BIMUBETRESA:

foal]

1 m
rf’lvllfl 5”‘””2 + C;max (0,1 — ys(w"x; +b))

WELRNR, T, TRENIRNR, &5 BMAHRETTHA.

BARREESH. C RA, WESIRK, REMRTFALIEEREN, E2UESEidg; C RN, WREEE
Bifr2RANER, JIFRETIROENR

\\\\\

HNFENE—E, KEEIGERN C.

4.5* KitBEA BRFix
Lagrange multipliers

ESTR content

4.6* 3B

Duality

ESTR content

4.7* KKT &4

Karush-Kuhn-Tucker (KKT) conditions

ESTR content

4.8* (it SVM
Optimizing SVM

ESTR content

Lecture 5 B33&i%

Clustering Algorithms
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BRLENE (Clustering Algorithms) @—MFEEES3) (Unsupervised Learning) #A, FATFEEUREFRINSREEIERRES
IIB9RBALE (similarity) 2B4RF0994R, FZRRSE (clusters).

EEski, REEEMESHEERRAN. BRSO EHSER. EAFERTHNEMERIRS (IXRE) , MEEIHH
HERZ BRI R REM L % T A —K.

Bir: BRE—HISEREERM, FRENEIEREEAELL.
BIUER: BEEREE (NRULEEES) EE. M SERIESE, BIERS.
NFHE:

o TiFHS (Market Segmentation) : HRIEMSEAT A AORIHERBEEFHE.

o REMN (Anomaly Detection) : EARBTEAITEANEIERIREIAREE (Outliers)
o ELME: EGHEIE.

o REMEUEDHT (Exploratory Data Analysis) : RIEHEFRIAIEITFIRE.

5.1 EXEE

Clustering basics

5.1.1 BA / 5% 1 8%

HEA (Samples)

e Samples represent a set of individuals or objects collected or selected from a statistical population by a defined
procedure.

e Each sample can be called a Data Point.

00 O
OO0 0O
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1% (Labels)
e A category or class applied to an object or a thing.

e For example, there are two classes (indicated by two colors, red for Class 0 and green for Class 1):

B282% (Clustering)

e Group a set of objects so that objects in the same group (called a cluster) are more similar (in some sense) to each
other than to those in other groups (clusters).

e High intra-cluster similarity and low inter-cluster similarity.
ERRRTRILIE, (REREMEIE.

e Clustering belongs to unsupervised learning (i.e., having samples but without using labels).

OO O O Clustering ' .’ ’ ‘
OO OO 0 0 0

e In comparison, classfication belongs to supervised learning (i.e., need both samples and corresponding labels).

5.1.2 HHUEES
Measure of similarity
HEHGEMBUMESHIE.

Given two data points @ = (a1, as,...,a,), b= (b1,ba,...,b,) € R™
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@ ERNLEFIER

Euclidean distance

dist(a, b) = , [ 3" (as — by)?

i=1

@ EMRIREE

Manhattan distance

dist(a, b) = Z |G,i — b1|
i=1

® tILLEXRIER

Chebyshev distance

dist(a, b) = max(|a; — b;])

@ FIAREREIER

Minkowski distance

dist(a, b) = (z la; — w) ’
=1

® RIZIBME

Cosine similarity

5.1.3 BXRHEX

Clustering algorithms

5.2 K-Means 833

—MEFRORINSREE L. FERFFNEERNSE K.


af://n1126
af://n1133
af://n1140
af://n1146
af://n1152
af://n1158
af://n1163

5.2.1 &I EE
@ 1AL - ¥R K ANEHlAb s (centroid) .
EHBRIIA G B BN ZEEIREN DT EER, BNTRESHUSIEETE, BREERTEE (TRENESREME) .

flgn, #sat 2 MDA, B NMERESE, ST BASIEREMRIT. 5 RDER, EMERBasikE
FPOR, SHENPLRES REFRNALTEZERS. KT NEERME, TEERRMIRES
R (BEBIMURETFITHI SSE) .

@ Dl - FENMERDEARIENFOR.
® F# - BENMEP O REH NEMARREERIIE.
@ EE -0, HEIRRBKSEMN.

5.2.2 ISR

¢ No (or minimum) reassignment of data points to different clusters, or
e no (or minimum) change of centroids, or

e minimum decrease in the sum of squared error (SSE)

5.2.3iREFHH
IRZFAF] (Sum of Squared Error, SSE) :

55ohk.

5.2.4 SREDT
SREDHT:

5.2.5 flifk =

advantages & disadvantages
fom:

o ZTIERRFISLIL.

o WEKE, HR, RIS

o WARFHMRE K &

o SO RATIEREUR.

° WREEHR

o XIIRERIAURRIRISIRAE.
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5.3 BFZERHE

DBSCAN

EXRE: BEMNEIESATREEXE. SREATMERARIANIE, FEEEEXENRIAERS.

DBSCAN

k-means

LV,

5.3.1 DBSCAN

DBSCAN: Density-based spatial clustering of applications with noise

€ — Neightborhood of p

€ — Neightborhood of q
q P Density pf p is" high" (MinPts = 4)
Density pf q is "low" (MinPts = 4)

MinPts = 4

‘OB
o e WEHAIRKFREZE
e-Neighbor: data points within a radius of € from a data point (including the point itself)

e MinPts: minimum number of points required in an e-Neighbor.

R (Density)

e Density = number of points within a specified radius €
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¢ "high density": data point's e-Neighbor contains at least MinPts data

HERNEK: ETEEEX, REDHZOR. BRAMERER

e Core point
e Border point

e Noise point

5.3.2 BEWAMH

Density-reachable

5.4 FEERBIRIRER K

Agglomerative Hierarchical Clustering

BIREEZE (Hierarchical clustering) : STEME— M ERIEIRE.

o A3\ (Agglomerative, BIEM.L) : ST MENBCHIET R, A
R (Divisive, BIRAT) : FIEMMEN— &G, AGEEIabE

N

IS}

The result of hierarchical clustering usually presented in dendrogram (H#4RE]) .

BiEaH, BREReE—E.

I : | | 1 Height
16.5 14.0 11.0 85 0

XEBEFENBERRBEIRERE
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A
Agglomerative ABCD
Basic algorithm is straightforward
1. Compute the distance matrix
@ 2. Let each data point be a cluster
3. Repeat
@ 4. Merge the two closest clusters
5 Update the proximity matrix
o e O @ 6. Until only a single cluster remains

5.4.1 IEESAERE

Distance matrix / proximity matrix

ICRIEZBAYEEE.

1 2 3 4 5
1 (0.0 A

2 |20 00

3 160 50 0.0

4 110.0 90 40 0.0

5 (9.0 80 50 3.0 0.0,

SE9EEE (Group average distance / Average Linkage) :
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Cluster 2

Lecture 6 #HZZFRIZE

Neural Network Basics

BIEDAS Lecture 2 AR MRARESEFOUEE. Lecture 3 I FATHNKEME, S FaT LRI RSERN
FRR IR —— BB NEMETT (SRFRABEIN) .

o GHER: —ERAE (BARSTONSEEN—MRE) , —NSET (HERE g(z) —  SNREMER,
BRAEEHY) (FARHE, REREE AAESTANEST I ENRETRN, REMETAIRNEE
S, IR AR M K.

o BEER: —ERAE (FANSTONSERN—MEE) , —NSET (EREN Sigmoid B8 g(z) — =)
FERHE, RERIE. BARS S ANESTIITESENRETIRN, ASRETHERN ST ERSSE5E
H, XE BRGNS HEAEE Sigmoid IRAMIEIEIEI TIESE p, (B9 KRHHRBIRBE— N1
2 (BFE) , BT ARIESE ARSI RAT %, BEEITERRITE NS %S,

FENEHETHRAME, BISINRREMIFLIEAERE, SEHENERTIAFIERN. JHEMERRIAR.

MRE—MEREREEHANEMLE (WNZEBEIE) | #FRNEEER, ERMBREANAHRENS (BN HET) |, BFE
TREFS, RESBIWSEFIES. —MRESEBAE. PHEEE (FIX—F) MBHRNSERAN (MLP) |, B
WNARKEFS, MARREFY. IMEEBR (EEEET 2-3 BRER) i, EXIESARMARERS.

6.1 #HEZMILEERS

Neural network architecture

B&: NRRIKIRRETT.
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Cell body

Axon Telodendria

Nucleus

Axon hillock Synaptic terminals

=

—

Golgi apparatus
Endoplasmic
reticulum

s 7~

Q
\\ \ Dendrite

/ % Dendritic branches

e The basic computational unit of the brain is a neuron.

Mitochondrion

86 billion neurons can be found in the human nervous system and they are connected with 10'4-10°
approximately synapses (38f) .

Each neuron receives input signals from its dendrites (#i28) and produces output signals along its (single) axon
(4H38) connections.

6.1.1 #EZITIHEY
Neuron model: logistic unit

Here we model a neuron as a logistic unit.

Inputs

Neuron
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e We have several inputs, e.g. 1, T2, T3.
e We call the connection from the input to the neuron "input wires".

e We call the connection from the neuron to the output "output wire".
—MRZITTEZ RN — Rt

e Here, ho(z) = 1+e+’”0 is an activation function, where = [z1, T3, 23], © = [0y, 62, 03] 7.

e O is often called the "weights" of model or the "parameters" of model.

6.1.2 BliEHEREY

Activation functions (non-linear functions)

=

* FREEEETLAERAARMERE, NIBEATBEHRITEERR—TEIERE (NTRESREY, FRFEH
ERERGIE)

o FE—EREENFEMRZTTEC R LEERRMERE, (BELNATFEIERER.

o BHHENMERHILIIREETR, BHEERIAERARHRESEEIRERN.

o EIAYER: [ ReLU 8 Tanh {EAFFEIRERERIEIEREL, TMME, (F/A Sigmoid (TH2E5S) . Softmax (£
DEFS) SMEEEERE (EETRIES, BT AERESEERE 9(z) = = (ENEERE) .

Sigmoid
1.0/

M
Ly

—10 -5 0 5 10

e Sigmoid with the mathematical from o(z) = which squashes real numbers to range between [0, 1].

1
T+e =’
e Advantages

o Continuous function for easy derivation

o Limited output range, easy to optimize, can be used as output layer.
e Disadvantages

o When x — £00, the gradient will be 0 (#8EE%k, gradient vanish)

o The computational complexity is high (exponential form)


af://n1339
af://n1354

o The output mean value is not centered at 0, resulting in a decrease in the convergence speed.
FTICWMANHZTAERMA, 21T Sigmoid BiEE, BHEKERER. S—MEEEFRIFERETREL
EHEIEHES, HINTX—ERIEEEIALL0 .

BR—ERTS: YT —EEEkR, BRRAR E—ENEL. IR F—ErmE SRR, Ak
REEETESER, RIERNEN, EFEBEENT, MENEEASBHEESRER, BEALHRR
FIEIEH.

BRMUBEREEERN, XEHENEHSRMZETIRG, FEEZRARMERE, MELlZ FA%R, I
SRS,

@ Tanh

Tanh
1.0-

& —¢
0.5 o(z)= —

e Tanh with the mathematical form tanh(z) = 20(z) — 1, which squashes real numbers to range between [—1, 1].
e Advantages

o The output mean value is centered at 0, resulting in converging faster than sigmoid.
e Disadvantages

o When & — +o0o, the gradient will be 0 (#EEiESL, gradient disappearance)

o The computational complexity is high (exponential form)

® ReLU

Rectified Linear Unit, ZEERAMERNRE / 1SIELMETT
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10

ra

e ReLU with the mathmatical form f(z) = max(0, ), which is zero when & < 0 and then linear with slope 1 when
x > 0.

e Advantages

o The gradient is not saturated (BBEANBF, BEREIMETRMNEIFEASIFE/NE, EBERSERELTE)
and the convergence speed is fast. Compared with sigmoid / tanh, it greatly improves the problem of gradient
disappearance.

o No exponential calculation is required, so the calculation speed is fast and the complexity is low.
e Disadvantages
o When the input < 0, the gradientis 0 and the parameters are not updated (a.k.a neuron death).

o The output mean value is greater than 0, which affects the convergence of the network.

6.1.3 RUTRIHEZ LS

Feed forward neural network

A neuron network is just groups of these neurons strung together.


af://n1427

Layer 1 Layer 2 Layer 3

RUTRAREE AR RS B TIEIRTIAL. BEEEMAR (Layer 1) . [BEE (Layer2) MHEALE (Layer 3) .
e The first layer is called the input layer because this is where the features x1, €2, 3 are input.

e The final layer is called the output layer because that layer has the neuron that outputs the final value

computed.

e The layer between the input and output layer is called the hidden layer as its value can not be seen.

IR, BARERANRB—ATRER, RERET, AMUTEHIHE, REFAINSISRER. BREE D EERmEETA
P
Here we have input units 1, 2, €3, three neurons, and the last neuron to compute h@(m), where az(»j) denotes the
"activation" of unit z in layer j.

° agj) = "activation" of unit ¢ in layer j.

o ©U) = matrix of weights controlling function mapping from layer j to layer j + 1.

. 9,(7],)71 = weight controlling function mapping from unit m in layer j to unit n in layer 5 4 1.

a?)
XL
NOY af? — he(7)
2N .
Layer 1 Layer 2 Layer 3

o of) = g(0) 21 + 04/ zs + 0)z3)
. aéz) = g(@%)ml + @;12)3:2 + 9:(,)12):53)
al g(G%)ml + @;é)xz + 9%)3:3)



where g is the sigmoid activation function.
3 2) (2 2) (2 2) (2
+ ho(e) = af¥ = o(0(af? + OFaf? + Ol

If network has s; units in layer j, 8,1 units in layer j + 1, then 00 will be of dimension §; X Sji1.

Sz, BD:

alith) — (@(J) a(j))
- . . . T
o o - o] 1w
o o - o), | |ay
= g . . M
65]7)1 95]7)2 nglﬁl ag)

XEZKTRER I8, XEEWSRE, B2 00D al-) @ivsEng ¢ SEEIE j Eih

al) =g (@)(f*l)Ta(j*l)), % R (EREERSNE) BRTIMNTEARS j+ 1 2w 00 al), sEs

ZITESEFREIERISE j + 1 B alt) = ¢ (O(j)Ta(j)>. IEEMMAR F— BRIy, SENEHEZER
NBTEERSER.

IR B, BRI N— hiEtsR 20) 78 | EMEmsmEA, B z0t) = @0 a0) xiammn
BRI .

Heh, BIANE (5B MHLE (858 Wik ANETUSEIENERY, REWEZH9(z) =z, BER

ANEIE—MEHELESTIMITY; HEEMRERE—HEFERTDME, BENES—MEET, NRESHEVNEE K
MEZTT (K 228180 . B AeREEE—ENREIMCEIBENEN, HEATHERENER. BXNERFSER
FLMNET .

EFREEN . 2 hidden neuron & Sigmoid {94, BP

1

y=1@) =T

FIHE B MR, BATEIEE, EBLE — L RERVBATAREIE © = — 2 QEOMEREEL.



A Output from top hidden neuron

-b/w = 0.40
&z B f% FNZARE TSRS T

1% hidden layer B—2. T MBZTT. top neuron BB s1 = 0.40, bottom neuron BB s2 = 0.60. iTiXENE
LTI AR a1, az, WIEEXS hidden layer E&L&4HH neuron Z[ERINERH TIRIT, STLASTEITE wiar + waas
Ak BN

2 a_f\ Weighted output from hidden layer

-

ST top neuron fAEEGE, bottom neuron s,
Lz € (0.4,0.6) AF, top neuron EE, bottom neuron SREGE (M&IRAERR) |, EiRHEH 7 0.8,

Bz < 0.4, B neurons FRESE; 2 > 0.6, top neuron EE, 18#% bottom neuron 14, BMNEZERT R
&

&N input #(&, E{RAVEREIEN:



SChR_E inputs —BRSAE 1 F0 xo.

6.2 REHE

Backpropagation
FRTYZEEZIN, NERSHHEDRHERENEELD. IRBERITHREY, BENERIEN, BRERF.
In practice, randomly initialize the parameters to small values

e.g. normally distributed around zero: N(0,0.1)

REFATFEINE (train) LML, KM (optimize) S5

The backpropagation algorithm BE#E N &%, ENETEPHIANERRIMLNEREL

Forwardpass Backwardpass

dL __ dL dz
& dr — dz dx

dz

dL _ dL dz
dy ~— dz dy

BROBHHEEEFEANBTNGAGLE (FRAXEE) MTHE. Bit, FamEEn, RTIHESmRRL 2 FHES
TR EEERERAEEMNTERPHEEEZERRINTEZEE (SN z,y, BEE 2, UREXNEE) HETE
k, EEREEENETIEESN

ETRAEENIENEHREENET AN, BREEFRERSAEFZIEN, ETHMROTESIAABER. TRl
IR R AIEUERAD.
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EARETRNATL T EM LRI T el fTRE, SEIRRONEEHRESIMITE. fitl, Rig—MERaZ T
z=wz +b, TFIBHEFARE v w — odl BIUFETENSINENHITEE, TrREEITE

L = OL. 2= — 0L . g Heh o RREHSERHAENORETRE, I B e TR, I EEEAR R B
LoppEs(E, L REHIXEEEIB TR EA ST E k.

&
“local gradient”
=3 e 0z
&ﬁ Oz -
“Downstream  © f .
gradients” P ) =
% 8z
“Upstream
gradient”

6.2.1* RIS

DIBAER (x,y) 7, HESREEEREEMEEARIT AT
EEHA, WEBERETRE NEEEAKRFY) 8 MAESEE—E

IR, BHE (&RE—F) NESHERNET IR HEMEElERBIARRIRSEX. BEE (TEE) NEEPEER
WA RFIAB— RS E R X. MEH BN SRR RENERMFIESZEX. fla0, EEETN - &t (TTH
&) -WIRE; 9K - Sigmoid - AXBIRK; £33 - Softmax - RIUFIRK.

BRAKES:

o zU) 25 j ElemEnimiaN, al) 25 j SIRREISERL, BER s; X 5,41 HEN OU) 25 j EiemE
BN j = L ERrmHE, sp =1, al) RHEasEms.

o J(O) BIRKFEL.
[0J(©) 7
3z§j)
8J(®)
01©) |57

9J(®)
921

L S

FEIXE V) 2E8, B2 Markdown FEES § HURBIK.
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Recall: 6.1.3 wiishgm %

alt) = g(@W T al)
o o) - 0,1 [
off of - ef | [a¥
g :
o) 08 o, | Lo
REMEEOROEITE J(0) HEMIESH O ttkE Zﬁ;}) xE 0V wwe | EIERIEE | MeETTIORERH o)

25 j + 1 EREES kMR TAINE.

T

0" [o#
0| |0
. . ; . a
BRzU) = @0 al), g 0t = | T |72 | 2+ 1 RS k ARSI,

00| |a?

z(j+1) . .
e, BB SE) = S5y - e = o) o

i

EMARENIEMERS:
[0J(©) 8J®©) 8J(©) T
ol el T el
aJ(©) 2J©)  8J(®)
0J(©) | oo  oef 005,
oeu)
2J(©) 9J®©) 8J(®)
ool o8, a0l |
_5§j+1).a§j) 5gj+1).a§j) 59;1).(19)_
- 5§J+1).aé1) 5gj+1),agj) 5gj11), g)
660 ool e )
_ a0 (5(j+1>) g

Ehal) 2% | ElemENEERY, ERHEERRET, RINAESETERER 60U,

SFISRE, MBREE U, TitEd 60), BREGE:
50 — <@<j)5<j+1>) o (g@)’ (zo'))
0 Appendix 6. &IafEik

X zU) ERTAIEIEIIRE T, SRR ST R RIE B A S E R R S455.

Fit— RS ENERAEEIRES, BETHEN 60

WF@HE 0V = 28 sxidie:




@ EA
SHFEIFERE (GEERETTN) -
o yiBEE— MrE, FEIUEERAMKy &,

o MHERE 1 MR, BESEWERN (BIMUSNERESS) | :Em%%&iﬁ"iﬂﬂj g(z) = z. Atk aV¥) = 200
* {8/ Squared ErrorJ( ) = $lhe(x) —yl?, Hb he(x) =al) = oll). thR2i7E, FMAET.

o EHEMIMEAAtEERE, 8P =R

- BEmIY = aé;jz((?)) = 63Jz(L> BEIRE

g 6 EARETAE, EtEBERAME.

IEERT,

EAall =20, FriL 2 = 1.
HESIE -y, TR EAEUERAIEE.

@ =i
XFZKIE)
o yiBEE— M2 (081) , EEEAER v Fx;
o EHERE 1 METT, 5 Sigmoid EIEREIELIER, B g(z) = . Eibal) = g(z10)

o (FA”ITAIXNE Cross- entropy error J(@) = —[yln P(y) + (1 —y)In (1 — P(y))], &
P(y) = P(§ = 1|x) = o) 2i58, FHEETRUZEEAFER 1 HUME.

o BHENIMEANEERE, B 2P FR

o mEROD) = 2O - YO nmaire
e,
50 _ 07(©)
9z(L)
_ 0J(®) daV)
~ 9all) 9z
— oy
1ERR

7EEZ Sigmoid REBE—MER, AP

FE,
J(@) = —[yIn P(y) + (1 — ) In (1 — P(y))]
— [ylna(L)+(1— (1—a }
8J(©) dal") Yy 1-y | (L)
9a@ 920 [ﬁ N 1a(L)]“ (1_“ )
=—y (1 - a(L)) +(1-1y)al
_ )y

XEEAMERMLRESR, EREICHRSURGCEATIE (021 ZE, RS 1 09x) HEELE
(BEARRISEPRiRes, 08 1)
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OF 2. £

LA MNIST FEHRBI 6

|nPU:}B|er" Hidden Layer 1  Hidden Layer2  Output Layer

N

(relu) (relu) (softmax)
N

Loss Layer
(cross-entropy)

XA l‘,qb
S X2
o XA

XTFZ A

y 2 sy X 1B one-hot @&, HH sy, 25124,
WMHES s METT, s FTRFIHE.

)
{858 Softmax TR Ui, Ap agL) =g (zEL)) = 0. B5A al) = g (z(L)). 3FER Softmax RELLLERS
e
%, THEBHETHESE, EIXBEREREIEHE 2D NENMDESBIRNSRERIER, Bk, Mg
REEHMNFE, TEER sp MER, HE—5. 8 ST EEMKI T EETTIEA.

{FRR AR Cross-entropy error J(©) = — ZL yiln P(y;), B P(y;) = P(§; = 1|x) = al(L) SRR
i=1

IZEATIES 1 ZERIMEER.

WHEMIMEAEEE, Az xR

rEmsD) = 20O wang

SR HEAILIEIR— Loss Layer.

FHhE.

6.3 MILEi)II5 SIEIE

Network training and validation
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6.3.1 Softmax

Softmax & Sigmoid TEZ 25! LAY,

Z49ZaERF, The softmax function is often used as the last activation function of a neural netwalk to normalize the
output of a netwalk 7 to a pobability distribution ¢ over predicted output classes.

HERA:

el

¢i

k
e’li
1

J

k
Bk EEE D = (1,72, - . ., ) EHR—A kEROEDT ¢ = (61, Ba, ..., dx), HF D ¢; = L. Softmax
j=1

B
BERTEZSEEE (k> 2) .

J3EL: Softmax vs Sigmoid

witk Softmax ¢; = finj sigmoid o(z) = 1=

BN —MEEn, BkANTEN —MrE

i AR ¢, B kAR 6 — M o(2)

GEE 81 c(0,1), B é gi=1 o(z) € (0,1)

& FERTFZHENREE FERT R S EARRENTREREL

Softmax 7£ k = 2 BHB{k/3 Sigmoid:
L k=2, @AH (n1,m2). Softmax for ¢1:

e’ 1
em+em 14 e (m-m)

¢1 =

Et, WF=H%, Softmax BEBHIOE—MER 61 HETF Sigmoid EELERTRANRAMNELE 0, — 12 RER. =
H¥eh, BERBEBE—MIE G, BN g =1 1.

Sigmoid TEZ 53 ZERIHE /9 Softmax AUHE K
Let's consider a multi-class classification problem in which the response variable y can take on any one of k values, so

ye{1,2,...,k}.

To parameterize a multinomial over k possible outcomes, we could use k parameters ¢1, @2, . . . , ¢r specifying the
probability of each of the outcomes.

However, they would bot be independent since knowing any k — 1 of the ¢;'s uniquely determines the last one,

k
satisfying > ¢; = 1.

=1
So we will instead parameterize the multinomial with only k& — 1 parameters, ¢1, o, . . ., ¢r_1, Wwhere

k-1 k-1
¢ =ply=1;¢). andp(y = k;¢) =1 — >_ ;. For notational convenience, letr, =1 — > &;.
i=1 i=1

Here, we introduce an indicator function 1 {-} takes on a value of 1 if its argument is true, and 0 otherwise. For
example, 1{2 =3} =0,and1{3=(5—-2)} =1.

We would like to define T'(y) € R*~! as follows:


af://n1636

We will write

6.4* FiEF
Transfer learning
ESTR AA.

e Training every model from scratch is time-consuming and expensive.

e But there are extensive existing knowledge. Can we reuse them?

Definition: research problem in machine learning that focuses on storing knowledge gained while solving one problem
and applying it to a different but related problem.

6.4.1 CNN HiFEES
Transfer learning in CNNs
CNN B9 M BERIIEFZIRHEMER, MERNEFRIRHEEE X ERES SRS,
e Bottom / earlier layers: general learners ("low-level" concepts such as edges, colors, shapes)
XHES HEAIEGRBIESENER, BT EITEERRBXLEEINERT (FRBTHIAE) .
e Top/ later layers: specific learners ("high-level" features such as object parts, semantics, object categories)

XEAFER IR IEMESSHY, B EREIT, BRESEREER)IGXLENE, LIENFIBRES.

6.4.2 i

fine-tune

Lecture 7 SRR NILE

Convolutional Neural Networks (CNN)
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7.1 BEFHE

Basic concepts

KEFSE: LeNet (1998) and AlexNet (2012)

POFP BT ES: 92 (Classfication) | SZENNENL (Classification + Localization) . B#wi&il (Object
Detection) . SEf%E (Instance Segmentation) .

432 (Classification)
o Bir: RBEGHNEEMARIRMHA, FHEEIFSEE—NENRIZEEF.
o A EBRMNBE—KENRE (W0 &, "\ "RE")

SENMERL (Classification + Localization)

o Bir: EXEGHTORNREN, B—MNAFHE (Bounding Box) FEHMRHIZMAEERIRFRIE.

Classification Object Detection Instance

Classification

+ Localization

Segmentation

WX i o,

CAT, DOG, DUCK CAT, DOG, DUCK

2 N, J
Y

Single object Multiple objects
o HH: B—RFIRE + —MNAFUE (BEHUNTRALRER) .

B#RM&M (Object Detection)

o BiF: RBIEGTAAREIMIE, Fs MIMEHEFIRSAIRSHRIAFE.
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Results from Faster R-CNN, Ren et al 2015

o i SNARE, BMAFEFE—KEEIRE.

L&) (Instance Segmentation)

o BiF: REGTHEME, HASMIKMEGRRIHTHRNSE, BEBETZIANE—MEFEIRCHE.
o I SMEEEIZ (Pixel Masks) , B/ MBI N — M SEBIRE—MIARSLH.

person

person
person

person person

backpack
backpack

skis skis




7.2 PILEERH

EARERZE (NN) LUSREESY, 0 CNN L THEFUR =4 (3D iHKE) .

/€ OC JC OC X 237
£C 23C J3C ¢ X 3 .

O0OOO0OK

e width X height: %I (Feature Map) MIRY, BILABIFRMFIERIFEAE.

e depth/channel: RE /@&, STZERERNIEEES (Fiter / Kernel) & SNERSESFTE—MIZN. BF
width X height R<JTHM4HEE.

7.2.1 ERE
32x32x3 image
5x5x3 filter w
=
™~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
L] 32 (i.e. 5*5*3 = 75-dimensional dot product + bias)
=

wlz +b

BIMERMNERIA, N ERITHTERIRE SXERIREREEETRAVARA/), AEIEREEREM, BIMs
B, RUREREUSINFIEE L— B ARIE.

BRIRMERER, MENNAERR, ASERERAEREN.
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32

— N ETCEITEEIRREE (WEEFR, BATER) |, BERERMERE, SUMERE, El—MHEE:

activation map

___— 32x32x3 image

5x5x3 filter
bt

X

28

convolve (slide) over all
spatial locations

32 28

w|
—

Activation map is also called feature map.

IR, SRREENRERESY, ERFREVIIRETRINE WAFIE) —X XERASHRNENETIEERESR
MHERHITRE (F4) , BAEEENERESEREN — MR —IUEHHIE. MRERERE/NTBNGIEE, ERrE
MHIEREHMAT 1, XEEX.

BYIERZEN—NRES | BUHIEE, B2 M ERREMISIEGRES RSN, HEACHEHAHIE (WREHEE
EHE, BEAT I ERENBANRHIE)

Hit, BHHIERERERRTERNETRZEE, MBNFTERETTX.



e 32x32x3 image activation maps

5x5x3 filter
32

al

28

convolve (slide) over all
spatial locations

N\

/ 28

W |
—

For example, if we had 6 5x5 filters, we'll get 6 separate activation maps:

/ -
Convolution Layer
A 28

£) 6

activation maps

28

We stack these up to get a “new image” of size 28x28x0!

The output dimension is also known as channel.

BHYEE / EEH/ B TERNRESEER— 2, IX—EEHRRERNERZEE.

O mNESH
RIS TENSERANSIET—EER. BRh M0
o IERRE (BMR) BB K: MImRE.

s MAFHIESE N, ISR F (BERIES, BKICH F, FELIIBA—E, FTREERE) . £K (5, £
mstride) . FEABE (P, %= padding) HEINEHFTENSE.

He K, F, S, P 2GRN MBS

zero-padding: L, BEMFERA 0 K 707, SN EEEETS. & padding 3 3, MEE EEBDKSLFRENINT 6.
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Wik YE2PF g
II—RE RSB — M, S ME.
METEERR, HTIE GESEBHARN—S)  ALBRTIIBTA ST TR ETLER.

BHREEIRE: K

f5l: input 7 x 7image, use 3 x 3 filter, convolve with stride 1, padding with 1 pixel border. What is the output size?

N+2P—-F T+2x1-3
7_’_1—7

= 1=7
stride 1 +

output size: 7 X 7

TEH, HESERANBEANTE (RRUE) |, BH(ER zero-padding with £71 stride of 1. iXt4ELL
NP F L _ N

stride

@IIHIRNESH
BESHEINESHED)I4EE, B8MERENEMEBERE—MNESH SMRERE—ESH
BEMNESHHER/ N SHRE:
o IBIRER (BF%) ME K: SHEM K MIELL. TRENMERRRT BB TENSY, BINT—MRE.
o IBKEREANF (JEKERHMA, SHME)
o BIRERAE d (BIMNFIENRERS, EERESEEEREY )

sHHEITE: (FXxFxd+1)x K
F x F x d RRNEREAR, +1 Rr8NERSMNT—MRESH, * K Frdt K NERS
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For a convolutional layer:

input volume: 224 x 224 x 3

5018

x 8 filters with stride 2, pad 3

Number of parameters in this layer?

(FxFxd+1)x K= (8x8x3+1)x50=9650

EE, XBd =3 REERAHIIENRETT.

Receives a 3D volume of size W7 x H; x D1 and requires four
hyper-parameters:

e number of filters K

o filter spatial extent F’

e the convolution stride S

o the amount of zero padding P
Produces a volume of size Wy x Ho x Do with:

o Wo= (W, +2P—F)/S+1

o Hy = (H1+2P—F)/S-|—1

o D2 =K
It introduces F' X F' x Dy weights in each filter, in total, for a
convolutional layer, it has (F' x F' x Dy) x K weights and K biases.

In the output volume, the d-th depth slice (of size Wa x Hj) is the
result of performing a valid convolution of the d-th filter over the
input volume with a stride of S, and then offset by d-th bias.

® ERHRE RIS
—RIBZETR, (FABER, BEERIRE. IRE. STEIERE:

A A A

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

CONYV, CONYV, CONYV,
RelLU RelLU RelLU

w|

e.g.6 e.g. 10
S5x5x3 S5x5x6
32 filters 28 fiters |} %4

o |
-—
o
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SHEBEE, MIZAHDEmSR. SX:

. . Linearl
Low-level | Mid-level | High-level early
> > separable
features features features e
classifier

A 4

'

%

8 s e vy e

3

B 2 AEE:
VGG-16 Conv1_1 VGG-16 Conv3_2

7.2.2 b2

Pooling layer

AR FBEXRE, ROSHE, HTEUHERR

224x224x64

112x112x64

pool

—_ ! 112
downsampling
112

224

BEEETIMEREZER—HUE.
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EIt: Max Pooling

Single depth slice
.| I 2 | 4
max pool with 2x2 filters
oalEeN 7 | 8 and stride 2 6 | 8
3 | 2 NG ] 3 |
1 | 2 R
: >

WHCEMNBANFIENE—E (ZERE8N) #ThEXE, AEHEER, RIRERE, KRB

IR HEREESH, RNCRE—MMEETIRS.

iginput Wy x Hy x D
HCERERMNESH: F, Sy, TRBAITIEESIA/NIEK. ki@t Wy x Hy x D:

o Wy =T 41
o« Hy= Hls*pFﬂ +1

Number of parameters: 0

IR RANHERAEENTEESHERS, BHEERZAERNOMNE, REttitiSislNELEER (BERRKE) .

7.23 2EER

Fully-connected layer
Ro—BEEHENRHETHEN, AEET, BE—FIE, X— M KAERESEEENHEA.
"EEE NS MARETSH—ENEREER SRR, BTFRENSEEIHES.
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fc_3 fc_4

Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 ReLU activation
Convolution Convolution | /—&
(5x5) kernel Max-Pooling (5 x5) kernel Max-Pooling (with
valid padding (2x2) valid padding (2x2) dropout)

\ . 0
1
."".; ‘ 2

INPUT nl channels nl channels n2 channels n2 channels E \‘ 9
(28x28x1) (24 x24 xn1) (12x12xn1) (8x8xn2) (4x4xn2) ' OUTPUT
n3 units

SEREME— N EEIEENS, SERSERAW. SLGEREIE. 5EFES.

7.3 ERRHA

fFHhe.

7.4 FREMLE

ResNet
JBILIERE (Degradation) : Kaiming RIIERMIEINMERE, AL, BRE (LCRIIGEERURE)
NS |IGRERS LAY, (BN EEEIRME, XATRREIE, BERERSKET, IGEE—EFREZE, HliRuE.
XiAAE L SE] "overly deep" HsRESHTIIRE.
RENSET: ERERT, EHBSH—H (M%)  —MNFRERSHRIAEZAMET—NEENS, BASHLES
EHENEIIFFHEEMENE, HERERIN—LEEMETESIERER.
ERET: BEFMSTEEREET, FSKIBIT? BEREEEN.
1E%HE H(x) = ©, BUMRES, Lhrt:
oz B—MRANFHEE, B— NI

o FIEFHYY, ZERENBSHERENF =1, P=0, S§=0,K =D,, B4 D, ERNFHIERRE. RER
HIREN 0

o Xfa, BB, B MERREINE)IGN: % EENEN 1, EtBENEN 0, X, BSHANFTEERS
MNEESRIERMER MOHIHMIENS B, BITERANRHIENS | EEFZEEMIENS B A, EEd
BRRE T hERY7T 0|1 SA HIX EROINE D 2R HERY.

o IEE, ERMBEERRRINTHHE—E, NETLEM— M RLENR. £ ERET AL, HERAO0.
* MREZEESNES, SEHEFIIXHAMNED . REE.

BT MTFAMUEE (W01 SGD) |, BAAEINEHER 0, WEI—NERIINELHESEE. MR ER L FAMEA,
BAFE IR
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X l X
any two
stacked layers 3 relu - F(X) x
weight layer identity
relu @
H(x) l .F(X) + X

XE, H(z) = ReLU(wsReLU(wix + by) + by) EELEMEFINIELLMMES, ReLU(F(z) + z) BERERZINAE
LIRSS, F(z) + © = o b wyReLU (wiz + by) + by = z 173485, AESiL
F(z) = waReLU(wiz + b1) + by =~ 0 BpH].

IR MRELIVAEER, CARIEAER, BHFHMINSERERENBATEER (ZTHEM) -
SCPRSEReAR, WMRTARIEEREER, WeeERRER (MIBXENESFER) .

7.5 JJIl853%15

7.5.1 #iEIGE

DEGSRESZ AN, SENIGEIRRTERR, MABGHETREE. ek, #). &, TG, S IMESERE R
[REEBAINED)|155EE.

fitm: Adding more training data into the models.

e Alleviating data scarcity for learning better models.

e Reducing data overfitting (i.e., the learned network corresponds too closely to a limited set of data points).
Augmentations help create variability in data.

¢ Helping resolve class imbalance issues in classification (%0, JIgEHIBHNERAZ2WNRE, TLUNEIBRRARRE
IAIIZRER. BNSRERELIFIMTEY, BEERAIZE TR 0.5, EREAsRETEELAHE) .

e Reducing costs of collecting and labeling data.

e Increasing generalization ability of the models.

7.5.2 Dropout
HIRE, ENMGRA
Dropout is an extremely effective yet simple regularization technique by Srivastava et al.

While training, dropout is implemented by only keeping a neuron active with some probability p (a hyperparameter,
usually p = 0.5)

This means that a neuron is temporally removed in the forward pass and any weight updates are not applied to this
neuron on the backward pass.
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(a) Standard Neural Net (b) After applying dropout.

KT LIS ISR R MR E N 0. WTFERE, BaLLKAmETT, BHERHIERLGERERIREN 0.

e

e Preventing all neurons in a layer from synchronously optimizing their weights. Random dropout prevents all the
neurons from converging to the same goal (or called co-adaptation).

e In other words, if neurons are randomly “turned-off” during network training, the remaining neurons will have to
step in and handle the representation required to make predictions for the missing neurons.

e Dropout prevents co-adaptation by making the presence of other neurons unreliable. Thus, a neuron cannot rely
on other specific neurons to make predictions. Instead, it must perform well in a wide variety of different contexts
provided by other neurons. Therefore, dropout improves model generalization capability.

e Dropout, in practice, as a regularization of the deep neural networks to reduce network overfitting.

Lecture 8 Transformer

ERNREIVEIENE, ATLUFEA SRikE (B ERZER) .

The Transformer is a neural network architecture initially designed for sequential modeling in natural language
processing (NLP), and now applied to fields like vision and audio.

RBTEFES.

Structurally, a Transformer is composed of linear layers, normalization layers and activation functions.
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4 )
Add &INorm

Feed
Forward

A\
N Add & Norm

Multi-Head
Attention
A\
\_
Positional
Encoding

Inputs

Add: FREERE.
Norm: BEIIF3—1t.



Total weights: 175,181,291,520
& GpPT-3

Organized into 27,938 matrices

Embedding
Key

Query
Value
Output

Up-projection i

Down-projection [ 1

Unembedding Eiid

Transformer Transformer Transformer
Block Block Block
Positi | 1
ositiona
. —D
Encoding A
Input Tokens Output

HfRE, ERMAHFERNEERRNE, BRRNXMANANEIRS NEX.

8.1 $3id

Tokenization
Before feeding into Transformer, the input sentence should be first converted into a sequence of tokens

e Each tokenis an 1D vector

e The initial tokens are obtained by looking up a dictionary that stores the mapping between words and tokens
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Sentence: numerical data.

[1,9,0,0,0,0,0]
[0,1,0,0,0,0,0]

Example of one-hot [0,0,1,0,0,0,0]

tokenization
vocabulary < I:(> [0, 0,0,1,0,0,0]
[0,0,0,0,1,0,0]

numerical [0,0,0,0,0,1,0]

L data [0,0,0,0,0,0,1]

WK Transformer I@FEAF one-hot fk N\, MIREFERAE (Embedding) EEEIRY token ID &G 9ELEITRERE.

All words, ~ 50k

Embedding matrix
HRODHATERE

HRNEEFF (Embedding Matrix) A2ERIMJIZRRY, TIR2E Transformer HEIEERERI—ET, 5%/ Transformer (&5
(BIEFFEEEHE. BiEMENRALE) —Ri#TiHEN% (End-to-End) BIBKEIIZ.

FRERNAERE, AJLABSIEXBLERSS.

Transformer RE—ESWRAMNBEEHTHERN. 52 Logits 57, &1 Softmax ZE15EIIERS 7.

Transformer W ETFXEORERE, MNRHBNFFIN Token HENFHRALETKE, BRESERFIREEFEHA Padding
Token, IBFFIT EEINFRALETX. AEBESER—NERNDEE, ETETEHHENET, FrBiEM Padding Token A9
SEEINEESRIEBE I — M NNIRE (BEHAESS) | 2T Softmax 5, XENELIEAT 0. BRI ETENRESZIRIX
LYEZE Token, FHIRENIASITELEA Token P48,

1E7E Token BB BRI

WRBMAFFFIE Token FEBESRA L TIIKE, HEUWARERT (Truncation) o HR4E (Chunking) .



8.2 (i B A9

BB (PE) LIMERRXFENEE, HEXRS Token 8RAREERIS—EL

& Transformer 1837, PE 2FIESZFIRGAREERM, 1RIE token ZEFFIFHMENRENEETTERE—MIEE.
N BUREAIN LA ERBIEASE—ENHEA.

AIREM: WR Z = A+ B, B Z 1 BYLUERY A MUERBEEHN, EHEINFASFRERAEXESR.

8.3 E=

fE4ERKE Tranformer f, BEIHEHIREIERES (self-attention) , BIE—MFAINERREMRAERRKER.

Scaled Dot-Product Attention

)
[ MatMul
f A
SoftMax
)
| Mask (opt.)
A

Scale

)
[ Matmul

1

Q K V

8.3.1 BLFEN

The attention mechanism is based on three types of vectors as a retrieval system: query, key, value.

The attention mechanism operates on a find-then-retrieve paradigm.
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Step 1: similarity calculation

What is the girl eating?
Key = Value
She [0.41,-0.51, ..] LOOKUP Encode
is [0.11,0.22, ..] Query
eating Encode [001,1.52, ..] TTRET
a " 1033, -2.41, ) dot product similarity 023,12, .1
green [-0.56,0.31, ...]
apple [-0.09, 1.37, ...]
Step 2: weighted sum Normalized similarities
She [0.41,-0.51, ..]
is [0.11,0.22, ..] Output

weighted sum

- Encode
eating [0.01, 1.52, ...] > (121,281, ]
a [0.33,-2.41, ..]
green [-0.56, 0.31, ...]

apple [-0.09, 1.37, ...]

A green apple.

a|fluffy|blue|creature|roamed|the|verdant  forest
| .

E, E, Ej

=5/
| OF




fluffy|blue|creature|roamed|the|verdant forest
| ! i

— —

3 E{ 5 Ef‘.

—

Cj-l 5 Qﬁ

Embedding space Query/Key space

12,288-dimensional ] 28-dimensional

“Creature”

Any adjectives
before position 47‘

EAEFAIIRAARER, FTLEES MREEREIINER (FERE) . ARLEFHEE Token WRIBHIAZEA (Embedding
Space) ZeMEBREIE|T —PMRRYEIRZA (Query Space)

B, EAEMFIERAREER, S OEENEINRAE. RASMNENRENERETT.
RiE, ERAENEIOEMS, GEAERIE. mfRHIvE.

fluffy blue creature

= DleE
T

Ll
Is]]

Wa

@_’ El _’ l_\‘]

W ,

fluffy|= E, — K,

’ o W
[blue]= E; — K

Wi

creature|= g, — K,

We _,

roamed|= B, =) K
o W

-’El; — K

Wi _,

[verdant|—= E;, — K

Wi
forest|= B, = K

REEREEENDE. ZFEEIFERF Softmax BEIIFRINE.

IR, SEMAIERENERFL -, ERFULSH, EAEIENsHIERRE, BYE8 I ERRES#HT Softmax. 1IZE1H
BEMSMERNER DO EHEAIHRST (NEDH)  XMESHHEREIMURIHEEIFEEE.



REBNEBERSSRIMIERS, SHISHBTS Q IR TEMMTEMLE. B, W B2 IMENTIE Token
AT RIS S LURRIRT. (ERAERFRRRSERAE. BRKRT Token SEIREHHI. FTEWIERMRSINENER. Elit,
WV sERES S 20145 Token BT RIEARANES.

EREENEDESTT, FTLAESIIIRIRS.

T

K
Attention(Q, K, V) = softmax( @

W
Jar

XE /d), ERABMNERE, ER softmax 7 0 MiEAEBZTM, MEASHE, FEHRINE, HBET/N.
Masking (EJ3%) : X4F GPT KAUGHERY, RA—RIIGSIARITIEMIBS L TIRUMEIRE, EULIRITAELE, 88
LR B B AR B R IS0,

Unnormalized Normalized
Attention Pattern Attention Pattern

+1.96 | +4.48|+3.74 1.00 | 0.75 | 0.69 | 0.92 | 0.46 | 0.00

—-0.21 | +0.82|+0.29 025 | 008 | 0.02 | 0.01 | 0.46

+0.89|+0.67 | +2.99 softmax

HE—REENFIEHT LTI XXREFDRRR, Eith LN XEAEA T BTSN

creature,
2] E,
[ty = 5, =
[blue|= &, i
creature == ﬁ]
[Ehe] = 7, =

[verdant] = &,

forest|= F, s




XEFRIREIEE.

PLEITICROERE BiER NS EREIEhE, SEMIEaEMHERErRNEEL (FRIES) , USRI, &

masking.

8.3.2 BLiFE

FTHITABRRLERD (RFRINE. Eif. B8M4) , BRIERLEENFENIMGE AE 258K, BINZEWIHRERA
E. A as LR st —5.

BHE, ARSEGIFEATIUSIARRE R HENE AR,
MultiHead(Q, K, V) = Concat(heady, . . ., head,) W °

where head; = Attention(QW 2, KW/, VW)

XE Q, K,V ZISMNAZLTEAN=MERMHRA I REF.

Concat BHHZ, WRBNLAHERELEER doder/h, FHERENFIINEERZE N X dmoder (BB Token BIBRNEEE
HETHTEE, N2 Token#, BILETXEN) . WO RAISIAUNEIEN, TIRE h NFHETRA dinoge AR
TEi . BREER (h - dy) X dinodel, TREBR TR dmodel X dinodet, IFRAEER FEILUB N < (h - d,) BFFHER
BHHEMEIEI N X dimode AT ATREERAIFIIRE.

SINWo 9% MNRRAREEMIEENLEN dnode ERE, BRE— h EEEXTE(IINNT, X+ head; A5 100
YERSAERN head ) B5E 50 4SRRI TTIATAS.

8.4 EI3—{t
£ Transformer (98N FE (ZXEEENENRIRNEE) AREEER (Add) ZE.
& RIS Token FRFURRRIEA Token RUBRNEEFHTIRIE. K, KFE. 13—, HEITHR

1R HBRSEMAETRIBMADHRIFSE, NMITEKS, FArAEEERERSHNFIR BYXMI, Transformer AT
4 Token AEEHAT—NFEZR], BRI, SEMEEI—MBMNRETEE, XXTRE Transformer R4EAJ
RENGFEXEE

8.5 RUfRINLE ML

BN E EtokenBIAREMERR, FTLAB MokenHEHNES D EZ BIIFLEM R R E BRI FANRIEE.

Add & Norm Z/GHIREEEEATEER, 1§ Token MFIARRENEN ETXHREZFFNENER (B MultiHead
Attention AUiI) fEIEAMAMEINE—E (FBIFIE—X) .

REFE— MR, SHENTERELERT. MESEGEXLREER.

B Transformer 1, MINFEEIZLTEN. REEERNELR—HE, #EENSEZNFE FFN (Feed-Forward
Network) . FFN E—MruERNHRESIEEMENE, SHAINEA Token #HTIEEL MR, CEIER ML —NEGE
BREL (SINAELME) .

FFN(z) = max(0,z2W1 + b1)Ws + bs

F—REzW: + b B REE, SRR EE NTERFISRIFFEMRE
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BE ()W, + by 2T BENSHAEMEIERAIEE (EDERATEAVEE)
ERC N FAN ER4EEILIRNGEL4EIRS, BRI

TEFFNAYZ G R IR RE RIRR S E BN HEE AT AT, AEEIRFERATE, ECHNEFEFREIN TS
FMENXEEtokenT.

ZHEAMIIF: "a big green apple". FA1EFE apple I token FHIRIEIA, BEISLFEIRER] "big" 1 "green" BE (B
RSLGERDN, BRELKTRE) AR, BEeiIHEE—R, Fx "biggreen'. (EEXEFREEERE, REEESY

WO BF#RHIZR "big and green” FI— AR A, 8 "apple” # "big and green" 18N (GEEiERE) | {Elm,\,—e“ﬁﬁiﬂa
SMBIN, TEAEIEMAIEN, EIENFAN, SRNGEHTE, BiE, BRRYARRHRATE. REER)|4EY, SN
FHEMMESE, EFRSRINRERREE S “big and green apple” RURE THNIEX "big and green" HIRYA token "apple" 7 (&
BUEISSS) FFN ROR M ERRIFIIIX—R) .

HEWE: WEEGREATEIFHIEREBE, ©ARIZNE Token MEMMETI L, MEIZXIFIAIIRNREEREERR—
MY EREREE /3R . IR LIRS E.

8.6 ill&k

TG EERIGA, AEEATRC. LA GPT A, ESEFMUFFIFET— Token (BREIFESS) . IRKHE: ZXEH
K. LAGPTRIFIE5 7945, HRCREZENIENARITM okenfIZZ UBHRA KA.

8.7 %k Transformer

Vision Transformers, ViT

HTFTransformer@ AFFFEERZITHY, VITBE2DEGS SR —RKFIEESHEIRR (patches) , BE MEGEHRMA—
tokenE4l1.

Vision Transformer (ViT) Transformer Encoder

MLP
Head

Transformer Encoder

A |
e TTITI T

* Extra learnable
[class] embedding Llnear PrOJectlon of Flattened Patches

SRR [ ] |
mum—»lllm = T L=
Al i

Embedded
Patches
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8.7.1 1A
DA FNEGRET LM ESSTREIRE R tokeniR N |, ABESMNERIGHEIIGEHAZITransformerE.

Image size: 96x96 . Number of tokens: 3x3=9
Patch size: 32x32 Dimension of each token: 3x32x32=3072

Tokenization of ViT is formulated as f : R¥*"W — RP, which converts each image patch to a vector (i.e. patch
embedding)

In practice, we use convolution layers for linear projection

WNERAY CNN RERA Patch, BF Tranformer 42, HHETECNN BFEHN—HRAZFEABN, EEINSERFNIEA
Transformer. IX&& T R MEERI A :

* CNNHIBERZEE (B MIRERZRARECHRERIEEE. EMAMHME (Nis%. K. 588) F

e Transformer WEIFEIVFISLI S EEENESER, seFHIESIE IR EEMSE Token ZBRNTEAKTX
.

e Transformer JIS4EME RGB B35 (MEIEIBASIE) BIEF— token, BPAMTELIRENR, FIKESR O(N?)
i (N 2EGNGERE/SE)  MEGTESNEGERETEREEN, RRSREARBTERRNENN\NES. B
B, B, “IREE. EEEENFET N EBXEER, MARREMEERSR, BMRRETIEEEARD.

o CNN # Transformer IS EE#MY: CNN #RT Transformer IERMEEHHEREIRET O(N ?) f8=RIAE,
Transformer 3R4h T CNN MELUE IR IR B R IRAY RS

f5]: For an input RGB image of size 224x224 with patch size of 16x16. The hidden size of Transformer layer is 768. How
should we configure the linear projection layer for patch embedding?

Use linear layers:

224x224 _ =196

The number of tokens: Texis

The input channel of the linear layer: 16 x 16 x 3 = 768
iFE RGB B =4

The output channel of the linear layer is 768

Use convolution layers, No overlapping among patches
BiR: IE— P SRURIES “fRE— 16 x 16 GEIRFIEEIREE d oge = 768" BITIRE.
The number of tokens is 196
The input channel of the convolution layer is 3
The kernel size of the convolution layer is 16
The stride of the convolution layer is 16
The stride should be 16 for non-overlapping patch embedding

The output channel: 768
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B8 patchEfF—oken, CNN XIEEEGHITIENER, SRBNFIESIHMER—MokenfIEMEERYE, A/FF768
MNMEFWLBIERIEI— M tokenFIRA B E.

L stride EJ9 patch RISEE, (RIEEXEXSHA patch HTER (FESR) .

8.7.2 (&4

Like positional embeddings in NLP, the positional embeddings in ViT ensure that spatially closer tokens have higher dot-

product similarities.

Position embedding similarity

S 1 11117
2 o
S

Top Right Center Bottom Left

-120
100

- 80
6@
%
2
[

03691215821262730333%3 036912151821242730 333639 036912151821242730333%39

w

1

i

H

HE

¥l

|
Cosine similarity

Input patch row
N

o)}

7

39363330272421181512 9 6 3 0
39363330272421181512 9 6 3 0
39363330272421181512 9 6 3 0

-
|
W]
u
1

3 4 5 6 7
Input patch column

Similarity maps of pixels at different locations

8.8 Scaling Law
The impressive scaling laws of Transformers motivate the development of large models.
Given large model size and vast amounts of data, Transformer shows incredible performance and generalization

These large-scale pre-trained models are called foundation model

8.9 Transformer TF

Variants of Transformers
The pretraining and finetuning paradigm.

e Pretrain a foundation model on large unlabeled data

e Finetune with small labeled data on a specific downstream task
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Pretrained TRANSFER LEARNING

¢ Language Model '
(Transformer model) 8% O

- Eg: GPT, BERT (Supervised training)

Labelled data required is Less resource intensive
significantly lower

compared to pretraining Q -
: ®&% || 3
£ 25
8 g £
5 gc
898 || 75
: 2o || 8
T 8

=S
see=

Large Text Corpus

8.9.1 BhitiE5

Foundation Model

TransformerfU48IERE (Scaling Law) #RBE, AHUEIEEFISELIREESE TR HBRIMRENTZ(LEE

8.9.2 B¥ISHRIE

Parameter-efficient fine-tuning: Adapter

FIABUREAARAS. MRSEERE (FJREEIS) FaRE, Adapter F5A#IRLY, BEITE Transformer SReEALD
B2 (BREOTIR Transformer #92%) RIFEARIIGXLE, LT EMAYE, M SIGMESEEESE

PR ] - -

e \ ," Adapter

' . 1 Layer

y Transformer . i

| Layer ! 1 |OOOOOO|
1

| Adapter X : s I D

| : 1 Feedforward

| 2x Feed-forward " ! up-project

: layer ! ! T

: J : 1

: : : Nonlinearity

! Layer Norm ! : \ /
1

1 1 1

: -

I 1 1

I

: : i Feedforward

| : : down-project

! [ Feed-forward layer ] : ! I

| 1 1 :

! Multi-headed : | O0O0O00O0|

\ attention I 3 A

\\ A /’ \\ ___________________

Only green modules are trained in the adaptation

Fine-tuned Model
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Large pretrained ViTs can be transferred to various downstream tasks through fine-tuning.

Hen U1 {en
¥ 1

(c) Semantic segmentation (d) lanoe segmentation

estimation
Green dot: head
Yellow dot: neck
Purple dot: middle point
pink dot: right wing side
Blue dot: left wing side
Red dot: tail

Hen activity trajectories

(f) Tracking

8.9.3 BEEWN: KiFEES

VIT finds it challenging to handle dense prediction tasks such as segmentation, object detection, depth estimation due
to the high computation cost of self-attention.

BEMN: REERSERRAVERED, (ITNEGHEMEETHNTRENEES, SEMNE MEREIENAES
GREffLT) -

VIT i#@8iZ Patch Embedding SEWREGEMIERFS, EXTERRBINMET. A TREMET, FTEIE patch BUSR/, Xt
o FIIKEHMSMEEGEANE O(N) Bk

FIKEREGAKE O(N?) K

EERNBFIIKESR O(N?) 8K

EEEAREEANE O(N?) #

(V) 1

w

EFENEGLKE O(N*

w

The computational cost of a global multi-head self-attention module with hidden channel C of an image of h X w
patches is 4hwC? + 2(hw)?C

o 4hwC?: EMHREAA, AIE QW KWK VWYV, Concat(heads,. .., head,)W© goitE.

o 2(hw)2C: HENRA, SETEHSH QKT FINALKA Attention(Q, K, V) = softmax(%)V

XE C BRAEAEIVEE dmoder, hw BIFFHKE N

BRIR, FEESIEMEKEFS, A ERERESHERRRT.
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On one hand, patch encoding reduces the resolution of the image with a scale of patch size. The information of original
resolution is hard to recover for pixel-wise prediction.

On the other hand, Its intractable for ViT on high-resolution images due to its quadratic computational complexity to
image size

Details and small objects are missing in low-resolution images.

B Low-Res M High-Res
74

Cityscapes mloU

B NE&MEEES Linear Attention (EfficientViT)

The quadratic complexity of attention comes from the maintenance and matrix manipulation of a n X nm matrix

Can we avoid such matrix to finish the

Softmax Attention
tnxd attention calculation?
MatMul
Toxn o nxd dxn nxd

'\(Qi)/'
f K)V
. i Associate property of matrix
[—Matlm manipulation: (AB)C = A(BC)
Inxd Idxn What if Q(KV)
[Linear] [Linear] (Linear]
I I T

Q K v
Cost : O(n?)

dxd

BUT! There is non-linearity in attention. We can’t just simply apply
the associate property.

Then we can apply the associate property, and get linear attention with complexity of O(n)



Softmax Attention

Tnxd
( MatMul
nxn nxd
I
S
Tnxn
( Matvu )
nxd dxn

LLinearJ LLinearJ LLinearJ
| T I

Q K v
Cost : 0(n?)

Relu Linear Attention

Relu Linear Attention

Tnxd nxd
([ ™atvMu ) ( scale |
nxn nxd nxd
=) ( ™atMu T]
nxd dxd
( ™amu ] (ab)e - a(bo) ([ Mamu )
Inxd den asmm::ueny dxn nxd
of MatMul
[ Relu ] [ Relu ] [ Relu ] [ Relu ]
Inxd Idxn nxd dxn

[ Linear] [Linear) (Linear]

]

Q K
Cost : O(n?)

LLinearJ LLinearJ LLinearJ
T | | T

v Q K \'
Cost : O(n)

However, linear attention cannot produce sharp distributions, which may sacrifice performance.

Thus, it is good at capturing global context information but bad at capturing local information

8.9.4 24575 Transformer: CLIP

As a universal architecture for both NLP and CV, transformer acts as a bridge connecting multiple modalities for

collaboration.

CLIP (Contrastive Language-Image Pre-Training) models have two transformer branches: a vision branch and a text

branch

The two branches encode the an image/sentence into a vector

Transformer
Pepper the ||| Text
aussie pup Encoder
\ 4 \ 4 \ 4 Y
Tl T2 T3 TN
> I I'Ty | I}’ Ty | 1Ty I TN
> 12 lz‘Tl 12’T2 |2‘T3 [2‘TN
Image } 1 13T | 3T, | T I3-T
Encoder 1 3 R P
Vision > Iy INTy | InTy | I T3 INTn
Transformer



af://n2258

CLIP is trained with text supervision by contrastive learning. The training dataset consists of image-text pairs, with each
image accompanied by a descriptive text. The training brings the encoded image embedding closer to its paired text
embedding, and pushing it away from other text embeddings (This can be achieved with the cross-entropy loss)

®*  CLIP enables zero-shot classification without any finetuning

d Prepare a text description for each class
d Do classification by matching the image to be classified with the

text of all classes

e

-~
A photo of Text
e . Encoder
| o
Inference:
A\ 4 \ 4 2 v
T, | T, | T3 | . [ Tn
} EIrTc?:%ir > LTy (0T [T | L [Ty
A photo of

a

Lecture 9 JEF&RTIER

Uninformed Search

9.1 BETZ

BREX BRERDEN—FEZE CEENSEEETRRER, SERRIERTETHTITE.
MA: RAERE, BERSIZE, M.

Bl: BRI
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IR S

8 NIRERE, 3 HREaNE (ME. A, ke

DS

e Single-state Problem: BB TEIIHFRSHIRAIFEZAEMERIR.

e Multiple-state Problem: EREIRSIIRATE (W, REERR)
o {BAAIA]RE (Contigency Problem) : mh{ERIIERAFRE.
o REIEER (Exploration Problem) : JRZSZEFIEHEERIYARAD.

9.2 AR

Search Problems

VAR ERHENZ 2 A S

SRS
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T ERR: eat all yellow dots

—MERBRAALA T BRI :
o JRZEZE) (State space) : MHIBIRSHRNARIFAEIRSHIES.

o B{EES (Operator set) : the set of possible actions available

o [SHEEREL (Successor function) : BRE—MAE z, REEISRENMFIEIARIREES.

“N”, 1.0
.

”E”, 10

o IR (Startstate) FIEHRMLA (Goal test) : AFME—MREREHEFRE.
Start state (initial state): indicate which state that the agent starts in.

State space: the set of all states reachable from the initial state by any sequence of actions.



Path: a path in the state space is simply any sequence of actions leading from one state to another.

The goal test: the agent can apply the goal test to a single state to determine if it is a goal state. For example, does

Pac-Man already eat all dots?

Sometimes, there is an explicit set of possible goal states, and the test simply checks to see if the agent have

reached one of them.

Sometimes, the goal is specified by an abstract property rather than an explicitly itemized set of states. For

example, in chess, the goal is to reach a state called “checkmate” (I5%E)
o [IRRALARREL (Path cost function) : B EERNIWERANSH. AARLAZATE., EESE, BURTFCPRAIRL.

These information will be the input to the search algorithms. The output of a search algorithm is a solution, that is, a
path from the initial state to a state that satisfies the goal test

9.3 NE=ZHE
LU EHAPIRSEEBEL.
State space graph: mathematical representation of a search problem

e Nodes are instances of states
e Arcs represent successors (action results)
e The goal test is a (set of) goal node(s)

e Each state occurs only once

r T
3-8

T
3
-
F -

l

—_—

<\, /™
~

X
-

~ 7/ N/
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9.4 IEFH

BEROTTUEIERNRSEARS R, WIRTRNNTIRRTS, BREFE—PER— T HERHTT R

ERNEASHENNSRE, MAR—FHHRMEEAIR.

! _ This is now / start
”N"' 1.0 ”E”' 1.0

u ! _ Possible futures
ST I

EENOEIMNR, ME—FRE=EET S EhxT mAsY

Search Tree

/ State Space Graph \
S

/\
d e P
—ee. —_—
b ¢ e h r
1~ ~~ 1
a a h r p q f
P L
qg f q G
—~

p Cc
g ¢ G &
K i /

MRS B E B AT LS ERN.
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[]Oradea

State Space
Graph

118

Dobreta ]

Eforie

Search Tree

Zerind

Timisoara

Rimnicu
Vilcea

Fagaras Oradea Oradea

— AR RIS
e Fringe (0475 =) : the collection of nodes that are waiting to be expanded
e Expansion: pick one out of fringe and expand it

e Search strategy: determine the order in which nodes are expanded. In other words, it is a function that selects the
next node to be expanded from the fringe.

BRI

function TREE-SEARCH(problem, strategy) returns a solution, or failure
initialize the search tree using the initial state of problem
Toop do
if there are no candicates for expansion then return failure
choose a leaf node for expansion according to strategy
if the node contains a goal state then return the corresponding solution
else expand the node and add the resulting nodes to the search tree

end

The output of a problem-solving algorithm is either failure or a solution. (Note that some algorithms might get stuck in

an infinite loop and never return an output.)

9.5 {EFTRNE

IREERENIUFARRE. A RREE N :
5% (Completeness) : ERRIEERMEATHEIR
EffitE (Optimality) : BEHEIRREERARIRNE
BIEISZE (Time complexity) : HRERATEHIATE
ZHESZE (Space complexity) : EEMENNE
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JEZREEME S 9 Uninformed search #1 informed search.

¢ Uninformed search: &7 EAEN, WARKSKBEIIMEE. R4 54 (FEREPIMTR) LRIEE goal

state.

e Informed search: Strategies that know whether one non-goal state is “more promising” than another are called

informed search or heuristic search strategies.

AIRNB 5 4 Uninformed search:

o [TEMEER
o —HUUNER
o REMAER
o REZMRER

(breadth-first search)
(uniform cost search)
(depth-first search)

(depth-limited search)

o ERIGFEEMSIEZ (iterative deepening search)

9.6 IFERIIER

R e
I EffisciEsx S RRXENT
(BFS) =
—HtiniEx ¥R ARIE
(ucs) EpaI=1
REMFIEE REY FEEREN$
(DFS) RRENT R
FEZRIER BE T MERER
(DLS) i [ B9 DFS
ERIRFRE Ml=0FA &
flisciE= SIENIRERRS [,
(IDDFS) BRHEIBtR
9.6.1 [ Ei&IER

FElE

=
=

= E =
B > IER
#ad)

{RFERLEAEER
ihps

WER < d Ny
Tt

2 OXEF
HRAT)

=ittt

SFTEERERNA
HREE

2 (B8P
K > IEEHET)

=
[==)

MR > d AR

=

2 (BREmAR
TRIRERIRS
TRUERESRT )

RS
E

o(b?)

o'/

all the nodes at depth d in the search tree are expanded, before the nodes at depthd + 1

bz,

9.6.2 —HfLIMER

Uniform-cost search

TR, —HRNER £ 70

ZESEZFE (Space
Complexity)

o(b?%)

O(bc*/e)
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—HRNMERE—LNTH, TEERT ETRT, NERZIBESRRERARENTR.

9.6.3 REMFAIRE
G

9.6.4 REZRIEH
BRI R— BRI,
FEHTE.

9.6.5 IEUIIFRFEMAIRR
BACHTRORBESIRIER. REEIRGIN 0, 1, 2, .. iR, BEIEIBIRTSS.
#EL DFS 1 BFS f0ffis: BEAEH DFS MO/N\SIEISZE, XAEE BFS s ER TR,

Lecture 10 B&AiEH

FERNEREIR G RIS RSHBRTR, BERSHBERNTHERE . BAIUER (Informed search) FIFEE
HIARE X ABHERSERR, EsEtFR A EREB R EIRRTT .

10.1 BRI HRE

Heuristics

h(n) AFET— NS n EEBBIFESIA.
TR, BB ELIAS n IEEERRIRA, MRTLL, RIARIIRE T —REERE, HREERRT.
h(n) RE—FMEit, GIRIFEBERIELIESRETRSE BRRSRA.

SR h(n) WREEBIABFROSIRAA h* (n), B0 < h(n) < h*(n), WERARMA (Admissible) .

10.2 BARFVEER

10.2.1 REEH
LR REEEERITS, IURERE RS,

e, NMRIERML.
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10.2.2 A* %
IHEREC f(n) = g(n) + h(n)

(n) RAESBITE n HOERALA.

h(n) 21555 n BIEFRSBETHRAE.

A* BRAE SRR RS

Q

Assignments
Assignment 1

Q1. ZeMmY3
(a) A T, J RACTH.
HHMRITAEERITR, FEFETIN

Appendix

1. Sigmoid FEY

W, 3.2.3 sigmoid ¥ .

o(z) = logit *(z)

1.1 —S

first derivative

l1+e?®
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1 d -
= rer @t
e—m
 (14e )2
FRHlo(z) == =>1-0@) =15+ &

o'(z) = o(x)(1 - o(x))

1.0 0.25
0.8 0.20
— 0.6 0.15
< =
b 0.4 0.10
0.2 0.05
0.0 0.00

-10.0 -75 -5.0 =25 0.0 2.5 5.0 7.5 10.0

2. BERXHE RS

3. REIEFEIBEAT

-10.0 -7.5

Assume a hyperplane wTx 4 b = 0 that can correctly classify the samples.

Give an example point x;, the distance between x; and the hyperplane is

where x; and w are both d-dimensional vectors.

UEER:

BAIIE, wE2BFE w x + b= 0Eagz—
HBPE R R v SRR RS SRR

V=X — X3
Erwix) =wlixy = —b (AEEFEL) , FL

wlv=wTl(x; — x3)

=0

-5.0

5.0

7.5

10.0
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EAw SBEE wx + b= 0 LHEE—NEAESREAS, XEWE wEETEYE, At w28FEw x+b=0
HEmEZ—.

Ax; FBFEES wix +b=02%:
(IR E L —5 x,, WE wTx, +b=0.
mx; FBFEIEERERE X; — Xp IHEAAE w HIRFKE:

’y:

4. YF{Bla)R

Recall: SVM &, Rt BEIRA

w,b

Tx; +b
(w*,b") = arg max (mm M)

ZTIF—ETR, MR

mi;l %HWH2 s.toyi(wlix; +b) >1
Mg TE, WSS AEFRS S 0 152!

L(w,b,0) = Wl + 3 a1~ yi(wxi +8)

i=1

m
{BL —0 W=D 0yiX;
w = i=1
:> m
9oL 0
ob 0=> a;y
i=1

TELSHB AR AIHMBERE (dual problem) AIIFE.

BERKERASEERE, 18

L(w,b,a) __||WH2+2051 —yi(w x1+b))
- 5||WH2 + Zai - ZaiinTxi - bZaiyi
i1 -1 -1
1 m
2 2
= g lwl*+ D ai—|lwl* -
=1

Il
NgE
£
|
S
3
@
Nd
E
>
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TR AFIAT A I RR AT LSS R T LI ERAMA A IaTRR -

1
min EHWHZ sit. 1 —y;(wix; +b) <0

w,b
< minmax L(w, b, &)
w,b a>0
a > 0 Z0ERE, BRERE o BN DERE > 0.
FTHIRFKER, ERREEYRAEE w 1 b ISRAR, HIRAMAMSIHART o AIRSLIRE.
R HIGHRRSRT 2RISR LL AR AISRANER M. MEFENRBRAR, 81 — y;(wix; +b) > 0, HB4 max
SEBIXMERARNFRETRASIARTR co, MEMERHR co, ERFERME. Flt, SUEERLIENREME

0.33F 1 — yi(whx; + b) = 0 (SHFHEE) , max FEFM o WEYE. H AR, FAHERAROTHIEZTT
VARG 9t E B LOsRAIL L IR,

fAia)E
g L e)

SHBIE)R :
mazxmin L(w, b, )

FHhTE.

SSRHBMER: WTHHERUEE (Tiedtt) | REENRMESEATSETHERRNRIE
XANKEFRATERHBIE. IHBERAIRMAERRRIG AR RN —D TIRIEL
FENTE.

IEXEM: EXEMEREREENSAES TXHEIEIRME. SSTFROMARER, EHBEFASEMNL. B, YT
KRR, EREELEM (30 Slater's Condition) B, IBIHMEMERIZ. BHTF SYM B—MNUEHIEIER, HEXSTFEMERTSHI
HIRE, BRIRETLIRE— =R BB, IXEBE Slater's Condition AUEAZZ. FEltt, SFEEER SVM, axH Bt
[3Ava

TR

Hit, E5RSH 0 HARHSIEEE, KRB

max min L(w, b, &)
a>0 w,b

m 1 L™
:mc?,x o — 5 QG O5Y Y X X
=1 ° -

= =1 j=1

m
st Y oy =0,0; > 0,i=1,2,...,m
i=1

5. sEPHEE & HERERIRS
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5.1 Hadamard A

©

Hadamard FRZ—FSIARIAEN/ MERE, EXRSSIEENAMEN/ MELERSHER. Z80, BNAETHRER
SR/ R E4EE A RATHTERN/ T E.

dm
]

|

MFENm x nfEEFEAMB, C=A0B= Cy = AyBi,

5.2 3k%

5.1.1 irEEE

@ —MS: P8GR
BxE—MnyRE, y2—NMre.
T
X = y Y= f(X)
T,
HENETR, irENEEKRSEEERSERE, B
Oy
oz
Oy _
ox | -
Oy
oz,

fl: IR, RIEMSRE
W 2.5.4
IBRET 0o IWKEINERR, FHAS— MINERFII— EEOHRE 20 = 1.
J(©) = || fo(X) — Y3

= (X0 -)T(X0e -Y)
=0TXTX0 - vTX0 - 07Xy + YTy

Let % =2XTxX0 - X7y - XTy
=2X7 (X0 -Y)
=0

=0=0"=X"X)XTY
XEFMAR TIrENREKS, ENERFALRNSE8— (B—NMEg) .

@ ZM&: Hessian 5Bf%

IREXNEER N SEIERE, EHERA Hessian fAMEkBE. Hessian SEMERETFHBHEBHN © — g, Ao FhEx 07 B
F—RSEE (BREHR) .

DFHR: FHEARS TS, THRRSESTH.


af://n2624
af://n2632
af://n2635
af://n2637
af://n2652

82J(0)

H=—-+
000071
82J(0)
0,
0
00T
82J(0)
0,
82J(0) 52J(0)
96,00, "' 00,00,
82J(0) 52J(0)
9,00, "' 00,00,

Hep, Hj; = %3{91
XAEREA:
o BT Hessian SEMEHIMERTLIHIE—MNSH 0 HESFER—RIRE.

s “MSE—MEBKR—RE, M—MSHRROBHREREOE, WEK—RSLF LEAENAEXRS, &5 5.1.3
KBS FhREHS R

TR RIS LRI SRS LR

5.1.2 fREXIERE

513 @EMRE: 3FHE
A& y WEE x (S 3—1 WX AIHERTELAERE (Jacobian Matrix) .

Bx 22— n#IEE, y 22— mEFaE

L, Ym

MRS, WATEMEE SRS FHB (Numerator Layout) , BI—Nm X n 8k, H (i,)) TEENADFy 095
MENDE x NE ] MO EIHRSE

[O0v1 O O
oz, Ozo Oz,
Oy Oy Oy
By 0z 0z oz,
J = —_— =
ox
Wm  OYym .. Oym
| Oz, Oy oz, |

DFHRNERR, EREYIFELMNIRFS F—E

X 5.1.1 WEX, RizE ;xyr (BEEENIRNIET SR RERRI SRR D FRORS MR, 1THRRR
SRR IR
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Bl BUADFHE) -

it1) _ AT Hzi+1) AT
@zt = @U)" ald) e = e
JERR:
fol) o) @ 1T r
O O - 913j+1 agj)
(4) (9) (9) j
ZHD) — (-)(J')Ta(J) _ O Oy - 625]'»1 ag])
o o) - of,| Lo¥
FRSF BN ELEEE A
(S -
Bagj) 3a(2]) 6@5’],)
. I Y
02U") el aal N T
Hali)
az(Hl) 6z(j+1) 3Z(j+1)
Sj+1 Sj+1 . Sj+1
L 6a§j) (9a(2j) Ba.(g]]‘,) |

@al) = g0 (z0)) = 22 _ DU) = diag ((gm)' (z(j)))

W, Appendix 6. &IafEiE

iR SR, ASRESFOm, TARRSESH, B

‘9“_?; 0 --- 0
02/
3a(2j)

8a(]) 0 32(2j) 0

oz (9) a .

daP

55

0 0 921
L 55

Hep, 81 AIHE

X AT L SFeHER — 51 RD

5.1.4 $6[53 RS

@ SEMMHITENRERS

)i O € R, AcR™™, M 260746 = (A+ AT)®
HS:
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A11 e Aln 01
0740 = (6 ... 6,) | : S :
Aq ... A 0,
=01(A1101+ -+ A10n) + -+ 0,(Ap b + - + Apnby)
FENEEXR—MNS, XESEHRE:

2-01(Anbs + -+ A1) + -+ On (A1 + -+ + Apnfy)
0 o7

0T A0 =
550" 40

(241161 + A120s + -+ + A1,0,) + 0240 + -+ 0, A0
(2Ann9n + Appby + -+ A(nfl)nen—l) + 61 A1, + -+ en—lAn(nfl)
=(A+AT)e

#A=AT ngHEES, A= XTX) , WAIUSE240.

i)ig©® € R™1, A e RV, ) 2 A0 = AT

S
61
A =(A; ... Ay | i | =401+ + A0,
On
KES BB, 55 5 A0 = AT
iid® € R™!, AeR™!, 1 LO0TA=A
S
Ay
eTA=0, ... 0| : | =461+ -+ A0,
Ay
RESEHRE, $15507A=A
@ SERNEENHERS
g0 € R, A e R™™, Ml 5 A0 = A
S
Ay ... A 01
AB = : . : :

A0+ -+ A0,

Alngl R Annen

MENERRSRANFHE (St | $18 540 =A

MA: ZimEEs, —mSKiE

2J(0)

=2XTxX0 - X7y - X"y
80 ©
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>
4o

meER2XTX.

S0
dim
[l

5.3 fziEN

BRE, XERRRPHIANEARGIFOHT:

y_ 8J(@ 0\ 7T (@ 2D
@8V = az(m) = (aazm ) az((m)) = (aazm
M 5.1.1, ENEERSRALENE:

50) — 0J(0) _
8z
H 5.1.3, AENEOEXRSRALFHR:
9zU+Y)
oz ) o

== ﬁ%ﬁf‘]iﬁiv‘aﬁ_ﬁ%ﬁﬁ%, MAENEEXRSERD FHR. EAENEAEXSE L FRENS I E

PRI D BEEKRS,
EiLt,

MNEREERH—T

)T(;(jJrl)

8J(©)

8J(©)

929

- o
Bz(lj 1)
(4)
321]

Bz(zjﬂ)
Bzgj)

BZ (+1)
Sj+1

0z(9)

(

, 60t =

)T

8J(©)
Oz (1)

i
Bz(lﬁr )

8zi?
Bz(zj +1)
Bzgjj )

Bz (j+1)
Sj+1

32(1
5j

Oz (1)
L 7%+
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- 97(@) T
3z§]+])
2J(®)

) T '
9z U+ 0J(®) [ 80D g, Gty 341’_:11) ] 820D
- 1 22 L. J
Oz9) Oz (i+1) 0z 0z 0z .
27(®)
92U+
Sj+1 |
r ()]
8z(1])
07(®)
_ 37,(2])
27(@)
21
L s
2J(0)
o oz ()

AR REXIRERSAIRETUEN.
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Overview

If you've ever had a comment taken down on Reddit and wondered “why?”, you're not alone. Each subreddit (FhiR)
has its own set of guidelines, and trying to understand individual subreddit moderation (hx3=) can feel like chaos.

In this competition, you'll bring some ‘comment sense’ to the table and work with real data to build models that predict
which rule (if any) a comment may have broken.

Description

Your task is to create a binary classifier that predicts whether a Reddit comment broke a specific rule. The dataset
comes from a large collection of moderated comments, with a range of subreddit norms, tones, and community
expectations.

The rules you'll be working with are based on actual subreddit guidelines, but the dataset itself is drawn from older,
unlabeled content. A small labeled dev set has been created to help you get started.

This is a chance to explore how machine learning can support real-world content moderation, particularly in
communities with unique rules and norms.

Background

Inspired by the work of our colleagues Deepak Kumar, Yousef AbuHashem, and Zakir Durumeric where large language
models were deployed to try to guess the reasons that moderators used to remove comments. This work builds upon
the work of Eshwar Chandrasekharan and Eric Gilbert which collected a set of millions of moderated comments.

This several-year-old dataset is unlabeled. It is accompanied by a list of hypothetical rules—derived from real rules on a
variety of subreddits—to help identify potential comment violations.

KinE: Xf8RYE Eshwar Chandrasekharan 0 Eric Gilbert JLERIMEREIR R SR EMIRAERIRIEOEEE. XL RIGETR
REFCHSMRCR, (BifE—MERNFERIRBETERER 7 WS M.

AT RGEIE A BHIMNRE, ENT7EF S Reddit FHRIRAIESSRM, ATHIESEE T —HHNBR (Fla0: “No

Adver”, “No legal advice”) .
FENTSREEAXG RIS FIFREATIRES BEICE 7—/\ERoRIAEE, NMEIETEFHRI train.csv
"BFNERRE, XEMUEHNTZEENMmMEIEERN, SIMERTISHAIN, B 2FReEgEFIREFRBERIR

2

7.

Rules Classification

Participants have access to a small subset of the data, which can be used as a dev resource (BIERREURE, 2000 £&i)l1%

HUEFN 10 RNHEHE, FIRRIEIELR, XERRAMIEIRNA) . This information is suitable for use as training data or
for few-shot examples. The remainder of the labels will be used, in a 30%:70% to form the public and private test sets.

R

The dataset provides instances of comments that may or may not have violated a specific rule on a subreddit.

The training dataset contains only two rules. The test dataset contains additional rules that models must be able to
generalize to. (The number of unseen rules is not specified as part of the competition.)
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EEHTHH, MLENSF Public (30%) Fl Private (70%) £, {ELLERTRES, SHERMBETIETIE Public SEIEH.
HFREESRES, Kaggle 278 Private SEEBHHTS, FHAERBANHHTHE. SHRENBNRE, PILSIERIE Public TR
LY, (ESEENTHIA Public .

Files

e train.csv
- the training dataset
o body -the text of the comment
o rule -the rule the commentis judged to be in violation of
o subreddit - the forum the comment was made in
o positive_example_{1,2} - examples of comments that violate the rule
© negative_example_{1,2} - examples of comments that do not violate the rule

o rule_violation - the binary target

e test.csv - the test dataset; your objective is to predict the probability of a rule_violation. NOTE: The test dataset
contains additional rules that are not seen in the in the training data, so models must be flexible to unseen rules.

e sample_submission.csv - a sample submission file in the correct format.

it &
ENTSHRALT ) 2000 5 ILEIER 10 EHEIE.

XLHIRRRANIETT, FIREITFOERRIGSEMHETT. MR ISEMNKERRE 2 HEN (EAFEHES
SMIMUZEMA) | Bxim¥ord, WKESBEIMIN.

Rt
row_id body rule subreddit positive_example_1 positive_example_2 negative_example_1 negative_example_2 rule_violation
DOUBLE CEE x BANDS
Banks don't No Advertising: Spam, EPPS - "BIRDS"
: Watch Golden Globe Awards
want you to referral links, unsolicited If you could tell your younger hunt for lady for jack off in .
2017 Live Online in HD
0 know this! advertising, and Futurology self something different about neighbourhood http://url.in N DOWNLOAD/STREAM: 0
) ) D— Coverage without ADS (VIP
Click here to promotional content are sex, what would that be? musi.com/gakg
STREAMS)
know more! not allowed. http://music.theblacksmit

hed.com/download/birds/

KiE: FREREBITL body , MSATASIREEEGRFHTIN.
o IHFES: HEEVEE body. rule. subreddit. PUPAME (positive_example_1. positive_example_2,
negative_example_1, negative_example_2) {ENEXSHIA.
o Zithbk: HAFEFLEMNITS, HEFFINTEREEM, MAMUBISEIEGE.
o ATFRRH.

g—23 Solution


http://url.inmusi.com/gakq
http://music.theblacksmithed.com/download/birds/
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{EE SR

EXOHEROZODEEFAABIESIRE (LLM) MOEHE (Few-shot) §EH, EERMRBINFRARIREISHEHERL
B, RNXIEEREAIMNZ ARk,

Validation strategy: {E&HiR

What we know:
e train.csv contains two rules with comments (bodies).
e test.csvincludes six rules, four of them are new.
e The four new rules have already been identified.

SREAREERPEEHTHHTERUALATER, IREDHGEMBRNENAMEA: https://www.kaggle.co

m/competitions/jigsaw-agile-community-rules/discussion/607118

58 https://www.kaggle.com/competitions/jigsaw-agile-community-rules/discussion/607941

Public no advertising: spam, referral links, unsolicited advertising, and promotional content are not
Rule 0 allowed.
Public . .
no legal advice: do not offer or request legal advice.
Rule 1
Private no financial advice: we do not permit comments that make personal recommendations for
Rule 0 investments, taxes, or careers.
Private no medical advice: do not offer or request specific medical advice, diagnoses, or treatment
Rule 1 recommendations.
Private no promotion of illegal activity: do not encourage or promote illegal activities, such as drug-related
Rule 2 activity, violence, exploitation, theft, or other criminal behavior.
Private no spoilers: do not reveal important details that would limit people's ability to enjoy a show or
Rule 3 movie.

However, to build a strong local validation, we still need to generate realistic comments for the four new rules — a
nontrivial task.

R ESB—R R B ERRNEIRIH L.

| believe the Public LB is a better choice for validation because of the following:

e The host mentioned that the public/private LB split is random, which means the public LB serves as an unbiased
estimator of the private LB.

e The total test data size is not small, with the public LB representing about 30% of it. This ensures low variance in
score estimation.

Therefore, all models were finetuned online and validated using the public LB.

FrERBERE L T8 (Finetuning) FIAIE, LA Public LB ¥/ FAMREUEREAIHE— T SEHEHR.
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Data processing

This notebook provides an excellent baseline for data processing and finetuning. The idea is to use positive and
negative examples in the test.csv as training data. The main modifications | made to the data processing pipeline are as
follows:

e Used the LLM built-in chat templates.

R HRIHERIE.

System Prompt: Reddit moderation: Does the comment violate the rule? Answer 'Yes' or

No
only.

User: Comment: {comment_text}\n\nrule:{rule_text}

Assistant: Yes/No (M#R& rule_violation %5#g)

e | excluded the subreddit column before deduplication, since including it can create unnecessary duplicates across
different subreddits. The performance improvement is significant after this change!

ESHRE A, FINFIREEITEE ], HERRT subreddit FER. JEE: 82 subreddit 2EiRMERE—ZTE /
MNESEARFIRE THEERNARNE, ERAVENEES. HREHEE R

Finetuning

Initially, I used vanilla transformers + pytorch code, which works great, achieved 0.931 on public LB early with an
ensemble of Qwen3-4b-instruct-2507, llama3.2-3b, and phi-4-mini-instruct. However, | couldn't scale beyond 7B models
due to memory limitations. Later, | switched to Unsloth, which is much more memory-efficient — it can easily fit a
14B model within 16GB of GPU memory.

Before finetuning, | upsampled examples from test.csv once to increase their weight, and then finetuned for one epoch.
This is equivalent to one epoch for train.csv and two epochs for test.csv.

Chat templates can introduce unnecessary tokens before and after the the "Yes" or "No" targets, such as "\n\n\n\n" in
Qwen3 models, as well as one or more tokens following the "Yes" or "No" targets. By default, finetuning will also apply
loss to these extra tokens which is unnecessary and can slow down training.

To address this, | manually excluded these tokens from the loss computation, ensuring that only the "Yes" or "No" token
contributes to the loss. An additional benefit of this step is that it standardizes the training behavior across different
models, leading to more consistent convergence speeds and allowing me to use a single set of hyperparameters across
models.

Inference

Since the last linear layer maps to the whole vocabulary, even after finetuning on the Yes/No tokens, there could still be
a non-trival probabilitiy that the probs will be scattered on other tokens. So | constructed a candidate set of first tokens
for many variants:

° [“Yes“,"YES","Y","yesu,"TrUe"] > Yes_idS
° ["NO","NO","N","nO","Fa|Se"] > NO_idS
e plus their space-prefixed forms.

ARELVERER, RFEZECRISH RIS okenfFIAE ([RIADEL, Logits)

The variants are obtained by local experiments outputting the most frequent topK predicted tokens.
For scoring, | output probs equivalent to the sigmoid of log-odds of Yes_ids vs No_ids.

Other tricks to speed up inference is:

e Sort test data by length


af://n2972
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af://n2988

e Use forward() only. Avoids all the other operations during generation because all we need is the logits of the last
token.

Postprocessing

For each model’s output, | computed per-rule rankings, normalized the scores to the range [0, 1], and then ensembled
based on these normalized values. This postprocessing step provided a consistent improvement, increasing the public
LB score from 0.929 to 0.931 in early tests.

Model performance and final ensemble

e Larger models generally performed better.
e Qwen3 is better than the other common LLMs.

e The final ensemble is a weighted average of these six models.

model Public LB Private LB
Qwen3-14b 0.9297 0.9239
Qwen2.5-14b 0.9287 0.9232
Qwen3-8b 0.9272 0.9236
Qwen3-4b-instruct-2507 0.9258 0.9198
llama3.1-8b 0.9257 0.9202
Ettin-400M 0.8991 0.8944
ensemble 0.9344 0.9290

e J&{T train_gwen3_14b.py
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