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May hoc Vi du thuc té (1)
+ Ta n6i mot may tinh ¢6 kha ndng hoc néu no tw c;éi thién * Loc thw rac (email spam filtering)
hiéu suat hoat dong P cho mét cong viéc T cu the, dwa vao - 7. Dy doan (d8 loc) nhirng thu dién t&
kinh nghiém E cta no6. n&o 1 thu rac (spam email)

. P: sb lugng thw dién t& giri dén dwoc
phan loai chinh xac

« Nhuw vay mét bai todn hoc méy cé thé biéu di&n bang 1 bod

(T/ PI E) MA . . h dl‘ N ( -I ) x
- T: mot cong viéc (nhiém vu) » E:_Mot tap cac thw |enxtu’ emails) mau,
.. tia s Cpal x moi thw dién t&r dwoc bieu dién bang mét
P tiu chi danh gia hiéu nang tap thuoc tinh (vd: tap tr khoa) va nhan Cspam >
* E: kinh nghiém 16p (thu thuong/thu rac) twong tng No ves
ﬂ (A
g 5‘{'\“_"" VIEN CONG NGHE THONG TIN VA TRUVEN THONG g s&-’\'c-r VIEN CONG NGHE THONG TIN VA TRUYEN THONG



Vi du thuec té (2)

Gan nhan anh

= T: dwa ra mét vai mo ta y nghia cua
1 blrc anh

= P:?

= E: Mot tap cac blrc anh, trong d6 méi anh
da dwoc gan mot tap cac tr mo ta y nghia clia chung

TREE CORAL TEXTILE DISPLAY
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BRANCH LEAVES
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May hoc tir dau?

= Hoc tir dau?
= Tl cac quan sét trong qua kh (tap hoc — training data set).
{1, %o oy X AV Yoo Y
= x; la cac quan sat cla x trong qua khd

= v, 1a nhén (label) hodc phén héi (response) hodc déu ra (output) twong
ng vai xy,.

® Sau khi da hoc:
= Thu dugc mot mé hinh, kinh nghiém, tri thirc mdi (f).
= Dung né dé suy dién (infer) hodc phan doan (predict) cho quan sat
trong tuong lai.
= yz = f(Z)
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Supervised learning: Phan loai

* Multi-class classification (phan loai nhiéu I6p): mbi
dau ra chi thudc 1 1&p, moi quan sat x chi co 1 nhan

§
thudc tap nhan I16p {c4, Cj, ..., ¢} ?:Igﬂunﬂgm

o Spam filtering: y in {spam, normal}
o Financial risk estimation: y in {high, normal, no}
o Discovery of network attacks: ?
* Multi-label classification (phén loai da nhén): méi s

dau ra la mot tap nhé cac I6p; moi quan sat x cé thé

¢6 nhiéu nhan
o Image tagging: y = {birds, nest, tree}
o sentiment analysis
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BIRDS NEST TREE

May hoc gi?

®= Hoc mot anh xa (ham):

frxey

e x: quan sat (dit liéu), kinh nghiém

e y: phdn doan, tri thirc méi, kinh nghiém mdi, ...
= Hbi quy (regression): néu y la mét s6 thuc

= Phan loai (classification): néu y thudc mét tap rdi rac (tap nhin 1&p)
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Hai bai toan hoc cc ban

® Hoc cé giam sat (supervised learning): can hoc mét hamy =
f(x) tir tap hoc {{xy, Xa, ., Xn}; Y1, Y2, Yal} s30 choy; = f(x;).

® Phédn logi (phan |&p): néu y chi nhan gia tri tr mdt tap roirac,
chang han {c4, cdy, qua, méo}

= HBi quy: néuy nhan gia tri s8 thuc

® Hoc khéng gidm sét (unsupervised learning): cdn hoc mot ham
y = f(x) tir tap hoc cho trudc {x,, X5, ..., Xn}-

B Y c6 thé 13 cadc cum di? liéu.
® Y ¢4 thé Ia cac cdu tric an.

= Hoc ban giam sat (semi-supervised learning)?

L
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Supervised learning: Hoi quy

+ Phan doan chi sb chirng khoan
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Unsupervised learning: vi du (1)

* Gom nhém di¥ liéu vao cac cum (Clustering)

o Discover the data groups/clusters
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Thiét ké mot hé thong hoc (1)

+ Mét sb van dé& quan trong can dwgc xem xét ky

» Lwa chon tap hoc (training examples/data):
o Tap hoc ¢6 anh hwéng lén dén hiéu qua cta hé théng hoc.
o Liéu ta c6 thu thap dwoc nhan cho di liéu huén luyén?

o Céac vi du hoc nén twong thich voi (dai dién cho) cac vi du sé dugc
lam viéc béi hé thong trong twong lai (future test examples)

» Xac dinh dwoc bai toan hoc may nao?

o Phan loai? F: X — {0,1}

o Héiquy? F: X >R T

o Phan cum ? *
Deployment

Evaluation

Analytic
approach

Data
requirements

collection

Data
understanding
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Data
preparation

Modeling

Vai van dé trong Hoc may (1)

= Giai thuat hoc may (Learning algorithm)

» Nhitng gidi thuat hoc mdy nao cé thé hoc (xap xi) mét ham muc tiéu can
hoc?
= V&i nhitng diéu kién nao, mét gidi thuat hoc may da chon s& hoi tu (tiém
can) d&n ham muc tiéu can hoc?
* DGi v&i mot linh vire cu thé va dai véi mot cach bidu dién cac vi du (d6i
tuong) cu thé, gidi thuat hoc may nao thuc hién tét nhat?
= No-free-lunch theorem [Wolpert and Macready, 1997]:
If an algorithm performs well on a certain class of problems then it
necessarily pays for that with degraded performance on the set of all
remaining problems.

No algorithm can beat another on all domains.
(khéng c6 thuat todn nao ludn hiéu qua nhat trén moi mién ng dung)
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Unsupervised learning: vi du (2)

« Trends detection

o Discover the trends, demands, future
needs of online users
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Thiét ké mot hé thong hoc (2)

= Lya chon dang ham (md hinh) dé xap xi ham muc tiéu
¢ Ham da thirc (a polynomial function)
e MOt tap cac luat (a set of rules)
* M0t cdy quyét dinh (a decision tree)
¢ Mt mang no-ron nhan tao (an artificial neural network)

= Lya chon mét giai thuat hoc may cé thé hoc (xap xi) dugc ham
(m6 hinh) d3 chon

* Hbi quy Ridge?

Analylic

“mp
7

Data
requirements

Business
understanding

Feedback

¢ Back-propagation?
* SGD?

Deployment colichon

. Evaluation C
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Data
Modeling preparation

Vai van dé trong Hoc may (2)

® Cac vi du hoc (Training examples)
e Bao nhiéu vi dy hoc la d0?

e Kich thudc cla tap hoc (tap huan luyén) anh huwédng thé nao déi
véi d6 chinh xac cda ham muc tiéu hoc dwoc?

e Cac vi du 16i (nhi&u) va/hodc cac vi du thi€u gia tri thudc tinh
(missing value) &nh huwdng thé nao d6i véi d6 chinh xac?
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Vai van dé trong Hoc may (3) Vai van dé trong Hoc may (4)

= Kha nang/gidi han hoc (Learnability)
e Ham muc tiéu ndo ma hé théng can hoc?

= Biéu dién ham muyc tiéu: Kha ndng biéu dién (vd: ham tuyén tinh /
ham phi tuyén) vs. Do phirc tap cla gidi thuat va qua trinh hoc

= Qua trinh hoc (Learning process)

* Chién lvgc t8i wu cho viéc lya chon th ty sir dung (khai thac)
cac vi du hoc?

 Cac chién lugc lya chon nay lam thay d6i mirc 6 phic tap cla S J s o ias A .
s T on nay v °P P o Cac gigi han doi vai kha nang hoc cla cac giai thuat hoc may?
bai todn hoc mdy nhu thé nao?
 Kha nang Téng quat héa (generalization) cla hé théng?
= D& lam viéc t&t v&i nhitng mau dit liéu trong tuong lai
= DEtranh van dé “overfitting” (dat d6 chinh xac cao trén tap hoc,
nhung dat d6 chinh xac thap trén tap thir nghiém)

o Céc tri thirc cu thé cla bai todn (ngoai cac vi du hoc) ¢ thé déng
g6p thé nao ddi véi qua trinh hoc?

 Kha nadng hé thdng ty dong thay déi (thich nghi) biéu dién
(cAu tric) bén trong clia né?
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Overfitting (qua kh&p, qua khit) Van deé overfitting: minh hoa

« Ham h dwoc goi la overfitting néu tdn tai ham g ma:
o g c6 thé toi hon h ddi véi tap huén luyén, ‘
o nhung g tét hon h déi véi di lieu twong lai. “

» Alearning algorithm is said to overfit relative to another one if it 5 Test error
is more accurate in fitting known data, but less accurate in &
predicting unseen data.
« Vai nguyén nhan gay ra Overfitting:
o Ham h qua phtre tap
o L6i (nhidu) trong tap huan luyén (do qua trinh thu thap/xay dwng Underfitting Good model Overfitting
tap div liéu)
) lwong céc vi du hoc qua nhd, khdng dai dién cho toan bé tap
(phan bd) cua céac vi du clia bai toan hoc Simple Good Too complex
= (Hv?c lihﬁngﬂdén (Hocvet?)
!_‘ SQ'CT VIEN CONG NGHE THONG TIN VA TRUYEN THONG !_‘ SOICT n\(/:\'éh’ljggN%]Ieg)iE THONG TIN VA TRUYEN THONG
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Overfitting: vi du Overfitting: Regularization

« Khi tang c& I&n ctia mot Cay quyét dinh thi chat lwong phan « Trong sb rat nhidu ham thi ham nao co kha nang tdng quat cao
RN SRR SR 3 e A A - 2,0 A .
doan cla no ¢o thé giam dan, méc du d chinh xac trén tap nhat khi hoc tir tap di liéu cho trwéc? )
huén luyén tang dan o Téng quét hod la muc tiéu chinh cta hoc may.
.9 T T T T T T T T T . N 2 x P’ . PRSTSEN .
06 o Tire 13, kha nang phan doan tbt véi dir liéu twong lai.
0.85 — . 1 . . . N . X
+ Regularization: cach dung phd bién
08 b 4 s o x ~ . , -
, S o La cach han ché khéng gian chira ham f.
075 b / e 1 X
o7t/ AN ) 1
] / -
< /
0.65 ¢ 1
0.6 I On training data g
On test data
0.55 F 1
05 . . . A . . L . . = Tikhonov, Zaremba, model Bayes: pri Andrew Ng: need no
0 10 20 30 40 50 60 70 80 90 100 r_ smoothing an ill- complexity weary::'r:n:::;s maths, but it prevents _

= I TN inimizati itti
= o A posed problem minimization overfitting!
[Mitchell, 1997] Size of tree (number of nodes) 23 o | gteachy Ke-it-better-dde116c2¢d40)




Risk (Error)

Overfitting: c6 chac la té khéong?

+ Géc nhin truyén théng: Ham 7 (x; D)
hoc dwoc cang phire tap thi kha nang bj
overfitting cang cao

Prediction Error

o Low bias: f(x; D) c6 thé xap xi tap huan
luyén cang tot hon.

o High variance: f(x; D) d& bi thay ddi

manh khi tap huan luyén thay doi. Low

under-parameterized over-parameterized

Test risk
“classical”
regime

“modern”
interpolating regime

Training risk:
~ . !_interpolation threshold

Model complexity

VIEN CONG NGHE THONG TIN VA TRUYEN THONG

Thank you
for your

attentions!

Model Complexity

Hién twong ky la:

o Ham £(x; D) c6 16i
huan luyén rat bé (= 0),
nhwng van c6 do chinh
xac cao trén tap kiém
thie.

o GPT-3, ResNets,

VGG, StyleGAN,
DALLE-3, ...

@ soicthusteduvn/ @ fo.

Tai liéu tham khao

« Alpaydin E. (2020). Introduction to Machine Learning. The MIT Press.

« Belkin, M., Hsu, D., Ma, S., & Mandal, S. (2019). Reconciling modern machine-
learning practice and the classical bias—variance trade-off. Proceedings of the
National Academy of Sciences, 116(32), 15849-15854.

« Mitchell, T. M. (1997). Machine learning. McGraw Hill.

« Mitchell, T. M. (2006). The discipline of machine learning. Carnegie Mellon
University, School of Computer Science, Machine Learning Department.

« Simon H.A. (1983). Why Should Machines Learn? In R. S. Michalski, J.
Carbonell, and T. M. Mitchell (Eds.): Machine learning: An artificial intelligence
approach, chapter 2, pp. 25-38. Morgan Kaufmann.

« Wolpert, D.H., Macready, W.G. (1997), "No Free Lunch Theorems for
Optimization", IEEE Transactions on Evolutionary Computation 1, 67.

« Zhang, C., Bengio, S., Hardt, M., Recht, B., & Vinyals, O. (2021).
Understanding deep learning (still) requires rethinking
generalization. Communications of the ACM, 64(3), 107-115.

!;" £ &
SOICT VIEN CONG NGHE THONG TIN VA TRUYEN THONG -



