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M&i chuong dugc mét hai ban dich chinh sau dé cac thanh vién khac déng gép phan bién.
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a5
Téng cong: 176/58
40
35
30
25
20
15
10
N N=JEEN SRR SR S > 9 X . ST SRR NPT R &
S ooo%"?m ¢ & (90& & & v*’(\%ra&\’b &\‘3’ & b’é\%o’?'@Q <‘\°§ & & ’Q’c" & é“& & & o'b(& &
RN FFE T EELFFSFSS & & 6“0
& & S & & PO A N P S
© 0}? {s(@ & & b_’b ‘{b(\

Trung binh méi chuang cé ba phan bién véi téng s6 176 phan bién trén 58 chuong sach.

Giai doan 2

Trong giai doan nay, cac chuang sé dugc trau chudt hon vé méat ngdn tlr, cach dién dat.
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Thuat ngir

Con rat nhiéu cac dong gép tu cac ban dich, phan bién cling nhu thao luan vé cac thuat ngilr tiéng
Anh trong Bang thuat ngr véi mét s6 tir khoa dién hinh dugc hoan thién trong qua trinh dich nhu:
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sampling without
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do chéch khong tranh dugc
underfit

phuadng sai
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Chi tiét xem thém tai Bang thuat ngd.

Cac dong gop khac
Ngoai cac ddng gbp vé bai dich, phan bién, cling nhu hiéu dinh tuyét vai néu trén, cling khéng thé
khéng néu nhitng déng gép tham lang khac cho dé tai nhu

STT Noidung Poéng goép

1 Pinh dang thu muc, tép hudng dan  tiepvupsu, xuantubk

2 Sao chép va dinh dang ban dich duythanhvn, tiepvupsu, ngcthuong

3 Sao chép va chinh sua hinh vé samthehai, quangnhat185, rootonchair, duythanhvn
4 Sao chép va chinh sita bang biéu tiena2cva

5 Tao tép pdf cho ban day du guangnhatl85, rootonchair, duythanhvn, tiepvupsu
6 Thiét ké bia ban tiéng Viét duythanhvn

7 Téng hgp ndi dung, I8 cam on ngcthuong, tiepvupsu

Tén cac thanh vién

Chi tiét tén va tai khoan github cac thanh vién c6 dong goép cho dé tai khong theo thir tu nao ca.
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xuantubk
1612628
phamdinhkhanh
thhung

nami3i
vudaoanhtuan
ngdthanhcs
damminhtien
van-tienhoang
kiemrong08

freeloneman

Ho & Tén

V@ HGu Tiép

Nguyén Canh Thudng
Lé Khac Hong Phuc
Vi Xuan San

Pham Hoéng Vinh

Vi Binh Quyén

Pham Chi Thanh
Nguyén Lé Quang Nhéat
Phan Duy Khanh
Doan V6 Duy Thanh
bang Ngoc Minh
Ng6 Thé Anh Khoa
Tran Thi Héng Hanh
Ngoc Viét Tién

Nguyén Xuén Tu

Moi dong gop cua cac ban déu dudgc luu lai trong lich st ctia trang nay. cac ban chua cé tén day
du, hoac tén déng gop trong trang nay xin vui 1ong lién hé lai véi nhdom dé luu lai nhitng déng gop
clia cac ban.



MUC LUC

e Gidi thiéu

o

o

[e]

o

1. Tai sao can chién lugc Hoc May

2. Cach st dung cudn sach khi lam viéc nhom
3. Kién thurc tién dé va Ky hiéu

4. Quy mé la déng luc phat trién hoc may

e Phan 1: Chuan bi tap phat trién va tap kiém tra

o

o

o

o

o

5. Tap phat trién va tap kiém tra

6. Tap phat trién va tap kiém tra nén c6 cling phan phai

7. Tap phét trién/ki€m tra can I16n dén muc nao?

8. Thiét lap mot phép do don tri lam muc tiéu t6i uu

9. Phép do dé t6i uu va phép do thda man

10. Xay dung mét tap phat trién va mét phép do sé tang téc qua trinh lam viéc
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Introduction

Gidi thiéu



1. Why Machine Learning Strategy

1. Tai sao can chién lugc Hoc May

Machine learning is the foundation of countless important applications, including web search,
email anti-spam, speech recognition, product recommendations, and more. [ assume that you or
your team is working on a machine learning application, and that you want to make rapid
progress. This book will help you do so.

Hoc May la nén tang cho hang loat ing dung quan trong nhu tim kiém trang web, loc thu dién tur
spam, nhan dang giong ndi, ggi y san pham, va nhiéu ing dung khac nita. Néu ban cung cac thanh
vién trong nhdm dang lam mét dy an hoc may va rat mudn tién trién nhanh chéng, thi quyén sach
nay la danh cho ban.

Example: Building a cat picture startup
Vi du: Xay dung Startup vé anh méo
Say you're building a startup that will provide an endless stream of cat pictures to cat lovers.

Gia su ban xay dung cong ty khai nghiép cung cap khong gidi han anh meo cho nhiing ngudi yéu
thich.

You use a neural network to build a computer vision system for detecting cats in pictures. But
tragically, your learning algorithm’s accuracy is not yet good enough. You are under tremendous
pressure to improve your cat detector. What do you do?

Ban dling mang no-ron cho hé théng thi gidac may nham phat hién méo trong anh. Nhung d& mét cai
la thut toan ban dung chua dd dé chinh xac. Ban dang chiu rat nhiéu ap luc dé tang chat lugng bé
phat hién méo. Ban sé lam thé nao?

Your team has a lot of ideas, such as:
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Nhom ban cé thé dua ra rat nhiéu y tudng nhu:

e Get more data: Collect more pictures of cats.

Lay thém dif liéu: Suu tam thém nhiéu anh meo.

e Collect a more diverse training set. For example, pictures of cats in unusual positions; cats with
unusual coloration; pictures shot with a variety of camera settings; ...

L3y tap huan luyén da dang hon. Vi du nhu: anh méo & vi tri doc la, anh méo vdi mau sac khac
thudng, anh méo dugc chup véi cdu hinh may anh khac nhau .v.v.

e Train the algorithm longer, by running more gradient descent iterations.

Huan luyén thuat toan lau hon bang cach chay thém nhiéu vong lap ha gradient.

e Try a bigger neural network, with more layers/hidden units/parameters.

Thi nghiém mang na-ron I&n hon véi nhiéu tang/nat an/tham sé hon.

e Try a smaller neural network.

Th nghiém mang na-ron nhé han.

e Try adding regularization (such as L2 regularization).

Thir nghiém ky thuat diéu chuén -- regularization (vi du nhu diéu chuan L2)

e Change the neural network architecture (activation function, number of hidden units, etc.)

Thay déi kién trdc mang no-ron (vi du: ham kich hoat, sé lugng nit an, .v.v)

If you choose well among these possible directions, you'll build the leading cat picture platform,
and lead your company to success. If you choose poorly, you might waste months. How do you
proceed?

Néu chon diing mét trong nhiing huéng ké trén, cé thé ban sé xay dung nén mot nén tang anh meéo
va startup thanh céng. Ngudgc lai, néu chon nham hudng, ban cé thé danh mat ca thang trai. Vay phai
lam nhu thé nao?

This book will tell you how. Most machine learning problems leave clues that tell you what's useful
to try, and what's not useful to try. Learning to read those clues will save you months or years of
development time.

Cudn sach nay sé gilp ban tra I0i cau hoi d6. Phan I6n cac van dé vé hoc may déu cé nhitng dau hiéu
riéng an chlfa ggi y vé phuang hudng giai quyét. Viéc hoc dé phat hién ra nhitng dau hiéu do sé gitp
ban tié€t kiém hang thang hay thdm chi hang nam trai phat trién san pham.



2. How to use this book to help your team

2. Cach st dung cuén sach khi lam viéc nhom

After finishing this book, you will have a deep understanding of how to set technical direction for
a machine learning project.

Sau khi doc xong cuén sach nay, ban sé hi€u sdu hon vé cach lua chon huéng giai quyét ki thuat cho
dé tai hoc may.
But your teammates might not understand why you're recommending a particular direction.

Perhaps you want your team to define a single-number evaluation metric, but they aren't
convinced. How do you persuade them?

Nhung c6 thé cdng su chua rd tai sao ban lai chon hudng di nhu vay. Vi du ban mudn ca doi xac dinh
va dung mét phép do don tri, nhung néu moi ngudi khdng déng tinh, thi ban sé& lam gi dé thuyét
phuc ho?

That's why I made the chapters short: So that you can print them out and get your teammates to
read just the 1-2 pages you need them to know.

D6 1a ly do téi chl tdm viét nhitng chucng rat ngan. Ban cé thé dé dang thuyét phuc quy dong
nghiép bang cach chia sé 1-2 trang clia chuang lién quan.

A few changes in prioritization can have a huge effect on your team’s productivity. By helping
your team with a few such changes, I hope that you can become the superhero of your team!

Chi v&i mét vai thay déi nho vé thlr tu uu tién c6 thé tac dong I6n téi nang suét cdng viéc cua ca
nhém. Va bang nhiing thay déi do, téi hi vong ban sé sém trd thanh siéu nhan Hoc May cla ca déi!
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3. Prerequisites and Notation
3. Kién thic tién dé va Ky hiéu

If you have taken a Machine Learning course such as my machine learning MOOC on Coursera, or
if you have experience applying supervised learning, you will be able to understand this text.

Néu ban da tliing hoc mot I6p vé Hoc May, vi du nhu I18p MOOC cua téi trén Coursera, hoac ban co6
kinh nghiém &p dung hoc cé giam sat thi cun sach nay sé dé hiéu déi véi ban.

I assume you are familiar with supervised learning: learning a function that maps from x to y,
using labeled training examples (x,y). Supervised learning algorithms include linear regression,
logistic regression, and neural networks. There are many forms of machine learning, but the
majority of Machine Learning’s practical value today comes from supervised learning.

Toi gia dinh rang ban da quen thudc vai hoc ¢é giam sat: hoc mét ham anh xa tir x ti y, st dung cac
cap dir liéu c6 nhan (x,y). Cac thuat toan hoc c6 giam sat bao gom hoéi quy tuyén tinh, héi quy logistic
va mang no-ron. Hoc May c6 rat nhiéu dang tuy nhién phan I6n cac gia tri thuc tién cda né hién nay
dén tU hoc c6 giam sat.

I will frequently refer to neural networks (also known as "deep learning"). You'll only need a basic
understanding of what they are to follow this text.

Toi s& thudng xuyén dé cap dén mang no-ron (con dugc biét dén la "hoc sau"). Ban chi can nam
dugc mét s6 khai niém cad ban vé mang na-ron la c6 thé hi€éu dugc ndi dung cudn sach.

If you are not familiar with the concepts mentioned here, watch the first three weeks of videos in
the Machine Learning course on Coursera at http://ml-class.org

Néu nhitng khai niém néu trén con mdi vdi ban thi ban hdy xem céc video ba tuan dau tién cta khda
hoc Machine Learning trén Coursera tai http://ml-class.org

eve < o 0 = @ coursera.org 4

Machine Learning | Coursera.

coursera Explore v What do you want to learn? - For Enterprise Logln

Browse > Datascience 5 Machine Learning Offered By

Machine Learning Stanford
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4. Scale drives machine learning progress

4. Quy mé la déng luc phat trién hoc may

Many of the ideas of deep learning (neural networks) have been around for decades. Why are
these ideas taking off now?

Rat nhiéu nhitng y tudng clia hoc sdu (mang nc-ron) da xuat hién ti hang thap ky trudc. Vay tai sao
tSi bay gid chiing méi bung né nhu vay?

Two of the biggest drivers of recent progress have been:
Hai nguyén nhan chinh la:

¢ Data availability. People are now spending more time on digital devices (laptops, mobile
devices). Their digital activities generate huge amounts of data that we can feed to our
learning algorithms.

e Su san c6 cua dir liéu. Ngay nay, moi ngudi danh nhiéu thdi gian hon bén nhiing thiét bi s& nhu
may tinh xach tay, thiét bi di dong, .v.v. Viéc nay tao ra nguén di liéu cyc I6n dung cho nhiing
thuat toan hoc may.

e Computational scale. We started just a few years ago to be able to train neural networks that
are big enough to take advantage of the huge datasets we now have.

® Quy mé nang luc tinh toan. Chi t6i mét vai nam gan day ta mdi ¢ thé huan luyén mang no-ron
du I8n dé tan dung nhitng bd dit liéu khéng 16 nay.

In detail, even as you accumulate more data, usually the performance of older learning
algorithms, such as logistic regression, "plateaus”. This means its learning curve "flattens out," and
the algorithm stops improving even as you give it more data:

Cho du cé thém nhiéu nhiéu dir liéu nita, thudng thi chat lugng clia cac thuat toan hoc may cé dién,
nhu hoi quy logistic, cling khong t6t han. Nghia la dé thi qua trinh hoc chitng lai va thuat toan ngling
cai thién ngay ca khi cé thém dir liéu:



>

Thuat toan
co dién

7

Chat lvgng

Lweng dir liéu

It was as if the older algorithms didn't know what to do with all the data we now have.
Nhu thé thuat toan cd dién khdng biét xir ly thé nao vdi tat ca lugng dir liéu ta dang co.

If you train a small neutral network (NN) on the same supervised learning task, you might get
slightly better performance:

Néu ban huén luyén mét mang no-ron nhé cho cing mét tac vu hoc cé gidm sat, ban cé thé dat chat
lugng cao han mot chat:

A

(®)]

C

b.

=

H 2
"‘_CCU Thuét todn c6
$) dién

Lwong div liéu

Here, by "Small NN" we mean a neural network with only a small number of hidden
units/layers/parameters. Finally, if you train larger and larger neural networks, you can obtain
even better performance [1]:
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"Mang neural nhd" & day c6 nghia la mang nc-ron vdi it nat an/tdng/tham s6. Sau cung, ban c6 thé
cai thién chat lugng thém nita néu dung cac mang nc-ron 16n han [1]:

A Mang neural
I&n
Mang neural
(®)) trung binh
c
O
=)
\H ~ s ~
‘_‘CU Thuat .ti)an co
$) dién

Lwong dir liéu

Thus, you obtain the best performance when you (i) Train a very large neural network, so that you
are on the green curve above; (i) Have a huge amount of data.

Nhu vay ban dat dudc chat lugng tot nhat khi (i) huan luyén mang no-ron rat I6n -- tuong Ung vdi
dudng chét lugng mau xanh luc va (i) c6 lugng di liéu I16n.

Many other details such as neural network architecture are also important, and there has been
much innovation here. But one of the more reliable ways to improve an algorithm'’s performance
today is still to (i) train a bigger network and (ii) get more data.

Nhiéu chi tiét khac nhu kién tric mang no-ron ciing rat quan trong, va c¢é nhiéu phat kién trong linh
vuc ndy. Tuy nhién, mét trong nhitng cach dang tin cdy hon dé tang chat lugng thuét toan van 1a (i)
huan luyén mang I&n hon va (ii) lay thém di liéu.

FOOTNOTE:
CHU THICH:

[1] This diagram shows NNs doing better in the regime of small datasets. This effect is less
consistent than the effect of NNs doing well in the regime of huge datasets. In the small data
regime, depending on how the features are hand-engineered, traditional algorithms may or may
not do better. For example, if you have 20 training examples, it might not matter much whether
you use logistic regression or a neural network; the hand-engineering of features will have a
bigger effect than the choice of algorithm. But if you have 1 million examples, I would favor the
neural network.

[1] M3c du hinh vé thé hién mang na-ron cho két qua tét han véi tap dit liéu nhd, hién tugng nay it
nhat quan so vdi viéc mang nd-ron hoat dong t6t v&i dir liéu I6n. Véi di liéu nho, chat lugng thuat
toan cé dién c6 thé t6t hodc kém hon mang na-ron va phu thudc vao cac dac trung thu cong. Néu ta
chi ¢4 20 mau huan luyén thi viéc dung héi quy logistic hay mang na-ron khéng khac biét nhiéu; chon
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khéo cac dac trung tha cong sé gilp ich nhiéu hon so véi viéc chon thuat toan. Con néu c6 mot triéu
mau, thi t6i s& chon duing mang na-ron.

The process of how to accomplish (i) and (ii) are surprisingly complex. This book will discuss the
details at length. We will start with general strategies that are useful for both traditional learning
algorithms and neural networks, and build up to the most modern strategies for building deep
learning systems.

D€ dat dugc (i) va (i) la mot qua trinh dac biét phic tap. Van dé nay sé dugc thao luan day da va chi
tiét trong cudn sach nay. Ta sé bat dau vaéi cac chién lugc thong thudng va hitu ich cho ca thuat toan
truyén théng 1an mang nao-ron, tUr d6 hinh thanh cac chién lugc tan ti€én nhat dé xay dung cac hé
théng hoc sau.



Part 1: Setting up
development and test sets

Phan 1: Chuan bi tip phat
trién va tap kiém tra



5. Your development and test sets

5. Tap phat trién va tap kiém tra

Let's return to our earlier cat pictures example: You run a mobile app, and users are uploading
pictures of many different things to your app. You want to automatically find the cat pictures.

Tr& lai vGi vi du blc anh meéo & phan trudc: khi ban cé mot ng dung di déng, va ngudi dung tai rat
nhiéu loai anh khac nhau lén &ing dung clia ban. Ban muén ty déng tim ra dau la cac bdc anh meéo.

Your team gets a large training set by downloading pictures of cats (positive examples) and non-
cats (negative examples) off of different websites. They split the dataset 70%/30% into training
and test sets. Using this data, they build a cat detector that works well on the training and test
sets.

Nhom cuia ban xay dung mét tap hudn luyén 16n bang cach tai cac blc &nh méo (cadc mau duong) va
cac blc anh khéng phai méo (cadc mau am) tir nhiéu website khac nhau. Tap di liéu nay sau d6 dugc
chia 70%/30% thanh tap hudn luyén va tap ki€m tra. SI dung tap dit liéu nay, ban tao ra mét bd phat
hién méo hoat dong t6t & ca tap huan luyén va tap ki€m tra.

But when you deploy this classifier into the mobile app, you find that the performance is really
poor!

Tuy nhién, khi trién khai b6 phat hién méo nay Ién (ing dung di déng clia ban, ban phat hién ra chat
lugng rat te!



What happened?
Piéu gi da xay ra?

You figure out that the pictures users are uploading have a different look than the website images
that make up your training set: Users are uploading pictures taken with mobile phones, which
tend to be lower resolution, blurrier, and poorly lit. Since your training/test sets were made of
website images, your algorithm did not generalize well to the actual distribution you care about:
mobile phone pictures.

Ban nhan ra rang cac bdc anh dugc ngudi dung tai 1én cé nhiing tinh chat khac so véi nhiing bdc anh
trén mang ma ban dung dé xdy dung tap huan luyén: cac blc anh dugc chup bang dién thoai c6 xu
hudng c6 d6 phan giai thap hon, bi nhoe (M&) hodc t6i hon. Do tap huan luyén va tap ki€ém tra cta
ban dugc tao lén tir anh trén mang, n6 khong thé dugc st dung dé khai quat tét cho tinh chat cla
phan phéi ma ban nham dén: anh chup tr dién thoai.

Before the modern era of big data, it was a common rule in machine learning to use a random
70%/30% split to form your training and test sets. This practice can work, but it's a bad idea in
more and more applications where the training distribution (website images in our example
above) is different from the distribution you ultimately care about (mobile phone images).

Trudc ky nguyén big data, c6 mét nguyén tac chung trong hoc may la chia ngau nhién tap huan luyén
va ki€ém tra theo ti 1€ 70%/30%. Tuy c6 thé ding cach chia nay, nhung day khong phai la mét y hay vi
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ngay cang cé nhiéu Ung dung véi phan phdi cta tap huan luyén (anh trén mang trong vi du trén day)
khac phan phéi ma ban thuc sy quan tam (anh chup tu dién thoai).

We usually define:
Chung ta thudng dinh nghia nhu sau:

¢ Training set — Which you run your learning algorithm on.
e Tap huan luyén — La tap dit liéu dé chay thuat toan hoc.

¢ Dev (development) set — Which you use to tune parameters, select features, and make
other decisions regarding the learning algorithm. Sometimes also called the hold-out cross
validation set.

e Tap phat trién — La tdp dr liéu dugc dung dé hiéu chinh cac tham sé, lua chon dac trung va
quyét dinh cac thay dai lién quan dén thuat toan hoc. Déi khi, nd con dugc goi la tap kiém dinh
chéo.

e Test set — which you use to evaluate the performance of the algorithm, but not to make any
decisions regarding what learning algorithm or parameters to use.

e Tap kiém tra — La tap dr liéu dung dé danh gia chat lugng cia thuat toan hoc, nhung khéng
dugc dung dé quyét dinh cac thay déi lién quan dén thuat toan hoc hay cac tham sé.

Once you define a dev set (development set) and test set, your team will try a lot of ideas, such as
different learning algorithm parameters, to see what works best. The dev and test sets allow your
team to quickly see how well your algorithm is doing.

Sau khi dinh nghia tap phat trién va tap kiém tra, nhom cla ban cé thé thir nhiéu y tudng khac nhau,
vi du nhu cac tham sé khac nhau cho thuat toan hoc, dé tim ra y tudng t6t nhat. Tap phat trién va tap
ki€m tra cho phép nhdm clia ban c6 thé danh gia kha nang hoat déng cua thuat toan mot cach nhanh
chong.

In other words, the purpose of the dev and test sets are to direct your team toward the
most important changes to make to the machine learning system.

NOi cach khac, muc dich cia tap phat trién va tap kiém tra la huéng nhém cua ban téi nhirng
thay déi quan trong nhat cé thé lam dé cai thién trong hé théng hoc may.

So, you should do the following:
Vivay, ban nén lam nhiing diéu sau day:
Choose dev and test sets to reflect data you expect to get in the future and want to do well on.

Lua chon tap phat trién va tap ki€ém tra dé€ phan anh dung di liéu ban sé gap phai trong tuong lai va
muon hoat dong t6t trén no.

In other words, your test set should not simply be 30% of the available data, especially if you
expect your future data (mobile phone images) to be different in nature from your training set
(website images).

Noi cach khac, tap ki€m tra khdng nén chi don thuan la 30% dir liéu hién cé, dac biét 1a khi i liéu
tuong lai (dnh chup tU dién thoai) vé ban chat sé khac véi dir liéu trong tap huédn luyén (anh tu trén



mang).

If you have not yet launched your mobile app, you might not have any users yet, and thus might
not be able to get data that accurately reflects what you have to do well on in the future. But you
might still try to approximate this. For example, ask your friends to take mobile phone pictures of
cats and send them to you. Once your app is launched, you can update your dev/test sets using
actual user data.

Khi ing dung di déng clia ban chua dugc trién khai thi c6 thé ban chua c6 ngudi dung nao ca, nén
viéc c6 thé ¢ dugc dit liéu phan anh chinh xac dit liéu tuong lai la rat khd. Nhung ban van c6 thé thu
lam gan giéng dir liéu d6. Vi dy, ban cé thé nha ban bé chup nhitng bic anh méo bang dién thoai va
gui cho ban. Mét khi 'ng dung dudgc trién khai, ban c6 thé cap nhat tap phat trién/kiém tra bang dir
liéu nguai dung thuc té.

If you really don't have any way of getting data that approximates what you expect to get in the
future, perhaps you can start by using website images. But you should be aware of the risk of this
leading to a system that doesn’t generalize well.

Néu ban thuc su khéng c6 cach nao dé cé dugc dit liéu gan gidng véi dit liéu tuong lai, ¢ 1& ban c
thé bat dau bang viéc st dung anh tir nhiing trang web. Nhung ban nén nhan thiic dugc nguy co viéc
nay dan dén mét hé thdng khéng c6 kha nang khai quat hoa tét.

It requires judgment to decide how much to invest in developing great dev and test sets. But
don’t assume your training distribution is the same as your test distribution. Try to pick test
examples that reflect what you ultimately want to perform well on, rather than whatever data you
happen to have for training.

Van dé nay doi hdi kha nang phan doan dé quyét dinh can phai dau tu bao nhiéu cho viéc xay dung
tap phat trién va tap ki€ém tra. Tuy nhién diing gia dinh phan phdéi clia tdp huan luyén giéng phan phéi
clia tap kiém tra. Hay c6 chon ra nhitng mau kiém tra phan anh diéu ma ban thuc sy muén thuc hién
t6t, han la bat ki dir liéu nao ban tinh cG c6 dugc cho viéc huan luyén.



6. Your dev and test sets should come from the same
distribution

6. Tap phat trién va tap kiém tra nén cé cung phan phaoi

You have your cat app image data segmented into four regions, based on your largest markets:
(i) US, (ii) China, (iii) India, and (iv) Other. To come up with a dev set and a test set, say we put US
and India in the dev set; China and Other in the test set. In other words, we can randomly assign
two of these segments to the dev set, and the other two to the test set, right?

Ban c6 thé chia tap dir liéu cia Ung dung anh meéo dua theo bén thi trudng 16n nhat: (i) Hoa Ky, (ii)
Trung Quac, (iii) An Do, va (iv) Khu vuc khac. Chiing ta c6 thé lay dir liéu tir Hoa Ky va An D6 1am tap
phat trién trong khi 18y Trung Quéc va Khu vuc khac lam tap ki€m tra. Noi cach khac, liéu viéc chon
ngau nhién d liéu anh tr hai trong bén khu vuc trén lam tap phat trién va hai khu vuc con lai lam tap
ki€m tra c6 duing hay khong?

Once you define the dev and test sets, your team will be focused on improving dev set
performance. Thus, the dev set should reflect the task you want to improve on the most: To do
well on all four geographies, and not only two.

M6t khi dinh nghia dugc tap phat trién va tap kiém tra, nhém clia ban sé tép trung cai thién chat
lugng trén tap phat trién. Bdi vay, tap phat trién can phan anh tac vu ban muén cai thién nhat do la:
hoat dong t6t trén khdng chi hai ma ca bon thi truang.

There is a second problem with having different dev and test set distributions: There is a chance
that your team will build something that works well on the dev set, only to find that it does poorly
on the test set. I've seen this result in much frustration and wasted effort. Avoid letting this
happen to you.

Co mét van dé nita vai viéc tp phat trién va tap ki€m tra c6 phan phéi khac nhau: C6 kha nang nhom
clia ban s& xdy dung mét thuat toan nao d6 hoat déng tét trén tap phat trién nhung lai kém trén tap
ki€m tra. Toi da tiing thay viéc nay dan dén nhiing hé qua gay that vong va lang phi cdng suc. Hay c6
gang tranh dé diéu nay xay ra.

As an example, suppose your team develops a system that works well on the dev set but not the
test set. If your dev and test sets had come from the same distribution, then you would have a
very clear diagnosis of what went wrong: You have overfit the dev set. The obvious cure is to get
more dev set data.

Vi dy, nhém clia ban phat trién mot hé théng hoat déng tét trén tap phat trién nhung kém trén tap
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ki€m tra. Néu tap phat trién va tap kiém tra c6 cing mét phan phdi, thi ban c6 thé xac dinh ngay van
dé: M6 hinh clia ban da qua khdp (overfit) tap phat trién. Cach xur ly hién nhién nhat d6 la bé sung
thém dir liéu cho tap phat trién.

But if the dev and test sets come from different distributions, then your options are less clear.
Several things could have gone wrong:

Nhung néu tap phat trién va tap kiém tra c6 phan phdi khac nhau, thi viéc xac dinh van dé sé phtic
tap hon. Rat nhiéu van dé co thé xay ra nhu:

1. You had overfit to the dev set.
1. Ban da qua khdp tap phat trién.

2. The test set is harder than the dev set. So your algorithm might be doing as well as could be
expected, and no further significant improvement is possible.

2. Tap kiém tra khé hon tap phat trién. Vi thé thuat toan clia ban c6 thé da hoat dong tét hét mic co
thé va khéng thé co thién thém nhiéu nira.

3. The test set is not necessarily harder, but just different, from the dev set. So what works well
on the dev set just does not work well on the test set. In this case, a lot of your work to
improve dev set performance might be wasted effort.

3. Téap kiém tra khong nhat thi€t khé hon, nhung lai khac biét so véi tap phat trién. Do dd, viéc thuat
toan hoat ddng tét trén tp phéat trién va kém trén tap ki€ém tra la dé hi€u. Trong trudng hop nay,
bo qua nhiéu cong stic ¢6 gang cai thién chat lugng trén tap phat trién cé thé trd nén vé nghia.

Working on machine learning applications is hard enough. Having mismatched dev and test sets
introduces additional uncertainty about whether improving on the dev set distribution also
improves test set performance. Having mismatched dev and test sets makes it harder to figure
out what is and isn't working, and thus makes it harder to prioritize what to work on.

Lam viéc vai cac ing dung hoc may vén di da kho. Viéc khdng nhat quan gilia tap phat trién va ki€ém
tra khién ban cang khé chac chan vé "liéu cai thién chat lugng trén tap phat trién c6 déng nghia véi
tang chat lugng trén tap ki€ém tra hay khong?". Viéc khédng déng nhat gilta tap phat trién va tap kiém
tra khién viéc xac dinh nhiing ky thuat gilp cai tién chat lugng khé khan hon tir dé khé xap x€p thir ty
uu tién gilta cac tac vu.

If you are working on a 3rd party benchmark problem, their creator might have specified dev and
test sets that come from different distributions. Luck, rather than skill, will have a greater impact
on your performance on such benchmarks compared to if the dev and test sets come from the
same distribution. It is an important research problem to develop learning algorithms that are
trained on one distribution and generalize well to another. But if your goal is to make progress on
a specific machine learning application rather than make research progress, I recommend trying
to choose dev and test sets that are drawn from the same distribution. This will make your team
more efficient.

Néu ban dang lam viéc vai mét bai toan danh gia xép hang clia bén thi ba, ho c6 thé da chi dinh tap
phét trién va tap kiém tra c6 phan phdi khac nhau. So vdi bai toan co tap phat trién va tap kiém tra cé
cung mot phan phai, thi chat lugng thuat toan clia ban trén bai toan danh gia xép hang & trén phu
thudc nhiéu vao may man hon la ky nang. Viéc phat trién thuat toan hoc ma dugc huan luyén trén



mot phan phéi nay ma c6 thé khai quéat hoa tét trén mét phan phéi khac 1a mét chu dé nghién ciu
quan trong. Tuy nhién, néu muc tiéu cla ban 13 cai ti€n mét ing dung hoc may cu thé thay vi lam
nghién clu, thi téi khuyén ban chon tap phat trién va tap ki€m tra c6 cing mét phan phai. Diéu nay
sé khién nhom clia ban lam viéc hiéu qua hon.



7. How large do the dev/test sets need to be?

7. Tap phat trién/kiém tra can I6n dén mirc nao?

The dev set should be large enough to detect differences between algorithms that you are trying
out. For example, if classifier A has an accuracy of 90.0% and classifier B has an accuracy of 90.1%,
then a dev set of 100 examples would not be able to detect this 0.1% difference. Compared to
other machine learning problems I've seen, a 100 example dev set is small. Dev sets with sizes
from 1,000 to 10,000 examples are common. With 10,000 examples, you will have a good chance
of detecting an improvement of 0.1%. [2]

Tap phat trién phai dd I16n dé nhan ra su khac biét gilta cac thuat toan ban dang thdr nghiém. Vi duy,
néu bo phan loai A c6 do chinh xac 90,0% va bd phan loai B c6 d6 chinh xac 90,1%, thi mot tap phat
trién c6 100 mau sé& khdng thé phat hién sy khac biét 0,1% nay. So vdi cac bai toan hoc may khac ma
toi da thay, moét tap phat trién chi vai 100 mau 1a nhd. Cac tap phéat trién thudng co tir 1.000 tdi
10.000 mau. V&i 10.000 mau, nhiéu kha nang ban sé thdy dudc muc cai thién 0,1%. [2]

For mature and important applications—for example, advertising, web search, and product
recommendations—I have also seen teams that are highly motivated to eke out even a 0.01%
improvement, since it has a direct impact on the company’s profits. In this case, the dev set could
be much larger than 10,000, in order to detect even smaller improvements.

Trong cac Ung dung quan trong va da da dua vao khai thac -- vi du nhu quang cao, tim kiém trén
web va gdi y san pham -- t6i da thdy nhiéu nhdém rat mudn cai thién chat lugng thuat toan du chi la
0,01%, vi nd c6 anh hudng truc ti€p dén Igi nhuan clia cdng ty. Trong trudng hop nay, tdp phéat trién
6 thé 16n han 10.000 mau rat nhiéu dé cé thé phat hién ra nhitng cai ti€n tham chi nhé hon.

How about the size of the test set? It should be large enough to give high confidence in the
overall performance of your system. One popular heuristic had been to use 30% of your data for
your test set. This works well when you have a modest number of examples—say 100 to 10,000
examples. But in the era of big data where we now have machine learning problems with
sometimes more than a billion examples, the fraction of data allocated to dev/test sets has been
shrinking, even as the absolute number of examples in the dev/test sets has been growing. There
is no need to have excessively large dev/test sets beyond what is needed to evaluate the
performance of your algorithms.

Vay con kich thuéc clia tap kiém tra thi sao? N can du 16n dé mang lai dé tin cy cao vé chat lugng
téng thé clia hé théng. Mot cong thitc thuc nghiém phé bién la st dung 30% di liéu lam tap kiém tra.
Céch 1am nay hiéu qua véi nhitng tap di liéu véi lugng mau khiém tén tir 100 tSi 10.000 mau. Tuy
nhién, trong ky nguyén big data v&i nhitng bai toan hoc may déi khi c6 nhiéu hon mét ty mau, ti 1é dir
liéu gilta tAp phat trién va tap kiém tra da giam xuéng dang ké, mac du sé lugng mau trong hai tap
nay van tang lén. Thuc su khdng can cé tap phat trién/kiém tra I6n qua mic dé danh gid chat lugng
clia cac thuat toan.

FOOTNOTE:

[2] In theory, one could also test if a change to an algorithm makes a statistically significant
difference on the dev set. In practice, most teams don't bother with this (unless they are
publishing academic research papers), and I usually do not find statistical significance tests useful



for measuring interim progress.

CHU THICH:

[2] Trén ly thuyét, ta cling c6 thé ki€m tra xem mét thay déi trong thudt todn cé tao ra su khac biét
dang ké vé mat théng ké trén tap phat trién hay khéng. Trong thuc t€, hau hét moi ngudi déu khéng
quan tam dén diéu nay (trtr khi ho muén cong bé cac cac bai bao khoa hoc). Toi thudng thay cac bai
kiém dinh théng ké khéng méy hitu ich trong viéc danh gia ti€n d6 phat trién.



8. Establish a single-number evaluation metric for your
team to optimize

8. Thiét lap mot phép do daon tri lam muc tiéu toi uu

Classification accuracy is an example of a single-number evaluation metric: You run your
classifier on the dev set (or test set), and get back a single number about what fraction of
examples it classified correctly. According to this metric, if classifier A obtains 97% accuracy, and
classifier B obtains 90% accuracy, then we judge classifier A to be superior.

D6 chinh xac trong phén loai 13 vi du clia phép do dan tri -- phép do dugc biéu dién bang chi mét
con s6. Khi chay b6 phan loai trén mét tap phat trién (hoac tap ki€ém tra), dé chinh xac dugc tinh bang
s8 mau dugc phan loai chinh xac trén téng s6 mau trong tap dé. Theo phép do nay, néu dé chinh xac
clia bd phéan loai A la 97% va clia bd phéan loai B 1a 90% thi ta két luan rang bd phan loai A cho két
qua tét hon.

In contrast, Precision and Recall[3] is not a single-number evaluation metric: It gives two numbers
for assessing your classifier. Having multiple-number evaluation metrics makes it harder to
compare algorithms. Suppose your algorithms perform as follows:

Ngugc lai, Precision va Recall[3] khong phai la mét phép do don tri: chiing dua ra hai chi s6 dugc sur
dung dé danh gia bo phan loai. Viéc so sanh cac thuat toan vdi nhau sé trg nén khé hon véi nhiing
phép do da tri -- nhitng phép do dugc bi€u dién bang nhiéu hon mot s8. Gia st thuét toan tra vé két
qua nhu sau:

Here, neither classifier is obviously superior, so it doesn't immediately guide you toward picking
one.

G day, khong b6 phan loai ndo t6t han mot cach rd rang, vi vay dua vao két qua trén ta khong thé
ngay lap tic chon ra mot b phan loai tét han.

B6 Phan Loai Precision Recall
A 95% 90%
B 98% 85%

During development, your team will try a lot of ideas about algorithm architecture, model
parameters, choice of features, etc. Having a single-number evaluation metric such as accuracy
allows you to sort all your models according to their performance on this metric, and quickly
decide what is working best.

Trong qua trinh phat trién, nhém ban sé thir rat nhiéu y tudng lién quan dén ciu tric thuét toan, tham
s6 Mo hinh, lua chon cac dac trung, v.v.. Viéc c6 mot phép do dan tri nhu do chinh xac sé gilp xép
hang cac mo minh dua theo nhitng chat lugng tra vé qua phép do do, ti dé nhanh chong quyét dinh
mo hinh nao hoat dong tét nhat.

If you really care about both Precision and Recall, I recommend using one of the standard ways to
combine them into a single number. For example, one could take the average of precision and
recall, to end up with a single number. Alternatively, you can compute the "F1 score", which is a



modified way of computing their average, and works better than simply taking the mean.[4]

Néu ban thuc sy quan tdm dén ca Precision 1an Recall. Téi ggi y st dung mét trong nhitng cach tiéu
chuan d@é két hgp cac chi s6 dé thanh mét chi s6 duy nhat. Vi duy, cd thé I8y gia tri trung binh cla
Precision va Recall réi thu vé mét phép do don tri. Hoac thay vao do, ban cé thé tinh "chi s6 F1", mot
bién thé cla trung binh cdng va hoat déng t6t hon viéc chi ldy gia tri trung binh.

Having a single-number evaluation metric speeds up your ability to make a decision when you
are selecting among a large number of classifiers. It gives a clear preference ranking among all of
them, and therefore a clear direction for progress.

Viéc c6 mét phép do don tri sé gilp tang téc kha nang dua ra quyét dinh cGa ban khi ban phai lya
chon mot trong sé lugng 16n cac bo phan loai. Phép do dan tri dua ra mét th hang uu tién ré rang
gitta nhitng thuat toan do, tao ra mét dudng hudng ré rang dé phat trién.

B6 Phin Loai Precision Recall ChiséFl1
A 95% 90% 92.4%
B 98% 85% 91.0%

As a final example, suppose you are separately tracking the accuracy of your cat classifier in four
key markets: (i) US, (ii) China, (iii) India, and (iv) Other. This gives four metrics. By taking an
average or weighted average of these four numbers, you end up with a single number metric.
Taking an average or weighted average is one of the most common ways to combine multiple
metrics into one.

M6t vi du cudi cing, gia st ban dang theo ddi riéng biét do chinh xac ctia bd phan loai méo trong
bén thi trudng trong diém: (i) MY, (i) Trung Qudc, (iii) An D8, va (iv) nhitng nudc khac. Ban sé thu vé
bén phép do. Bang cach 1y gia tri trung binh hodc gia tri trung binh c6 trong s6 clia bén chi sé nay,
ban sé thu dugc mot phép do don tri. Tinh toan gia tri trung binh hodc gia tri trung binh co6 trong s6
la mét trong nhitng cach phé bién nhat dé két hgp nhiéu phép do thanh mét.

FOOTNOTE:
CHU THICH:

[3] The Precision of a cat classifier is the fraction of images in the dev (or test) set it labeled as cats
that really are cats. Its Recall is the percentage of all cat images in the dev (or test) set that it
correctly labeled as a cat. There is often a tradeoff between having high precision and high recall.

[3] Precision ciia mot bo phan loai meo la ti Ié chinh xac trong s6 anh dugc phan loai (la meo) trong
tap phat trién (hoac tap ki€ém tra). Trong khi d6 Recall la ti 1é clia s6 anh méo & trong tap phét trién
(hodc tap kiém tra) dudc phan loai chinh xac (14 méo). Thudng cé mét sy danh déi gitta viéc cé chi s6
precision cao va chi so recall cao.

[4] If you want to learn more about the F1 score, see https://en.wikipedia.org/wiki/F1_score. It is
the "harmonic mean" between Precision and Recall, and is calculated as 2/((1/Precision)+
(1/Recall)).

[4] Néu ban mudn doc thém vé chi s6 F1, xem https://en.wikipedia.org/wiki/F1_score. Chi s6 F1 la
"trung binh diéu hoa" cla Precision va Recall, dugc tinh bang 2/((1/Precision) + (1/Recall))
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9. Optimizing and satisficing metrics

9. Phép do dé toi uu va phép do théa min

Here’s another way to combine multiple evaluation metrics.
Daéy la mot cach khac dé két hgp nhiéu phép danh gia.

Suppose you care about both the accuracy and the running time of a learning algorithm. You
need to choose from these three classifiers:

Gia st ban quan tdm dén ca do chinh xac 1an thdi gian chay cia mét thuat toan hoc. Ban can phai
chon trong ba b6 phan loai sau:

Bo phanloai D6 chinh xac Thai gian chay

A 90% 80ms
B 92% 95ms
C 95% 1,500ms

It seems unnatural to derive a single metric by putting accuracy and running time into a single
formula, such as:

Viéc tao ra mét phép do daon tri bang cach gdp dé chinh xac va thai gian chay vao trong cung mét
céng thirc kha la gugng ép, chang han:

Accuracy - 0.5*RunningTime
B0 chinh xac - 0.5*(Thdi gian chay)

Here’s what you can do instead: First, define what is an "acceptable” running time. Lets say
anything that runs in 100ms is acceptable. Then, maximize accuracy, subject to your classifier
meeting the running time criteria. Here, running time is a "satisficing metric"—your classifier just
has to be "good enough” on this metric, in the sense that it should take at most 100ms. Accuracy
is the "optimizing metric."

Thay vao dé, ban cé thé: Trudc hét, hdy dinh nghia thai gian chay nhu thé nao 13 "chdp nhan dugc” -
vi du miic dudi 100ms. Sau d6 hay cuc dai hda do chinh xac, véi rang budc la bd phan loai van dam
bao yéu cau vé thdi gian chay. O day, thdi gian chay la moét "phép do thda man" —- bd phan loai chi
can "du tét" trén thang do nay, tic chi tén t6i da 100ms dé chay xong. D6 chinh xac mdi la "phép do
dé t6i uu".
If you are trading off N different criteria, such as binary file size of the model (which is important
for mobile apps, since users don't want to download large apps), running time, and accuracy, you
might consider setting N-1 of the criteria as "satisficing" metrics. Le., you simply require that they
meet a certain value. Then define the final one as the "optimizing" metric. For example, set a
threshold for what is acceptable for binary file size and running time, and try to optimize accuracy
given those constraints.

NE&u ban phai can bang gilta N tiéu chi khac nhau, vi du nhu kich thudc file nhi phan ca mé hinh (diéu
nay quan trong vdi cac (ng dung di dong vi ngudi dung khong muén tai cac ing dung cé kich thudc



I&n), thai gian chay, va d6 chinh xac, ban c6 thé can nhac dat N-1 trong sé dé 1am cac phép do can
"thoa man". Tuc la ban chi can yéu cau ching dat t&i mot gia tri xac dinh. Sau do coi tiéu chi con lai la
phép do dé "t6i uu". Vi du nhu dat mic ngudng chap nhan dugc cho kich thudc file nhi phan va thai
gian chay, sau d6 t8i uu do chinh xac ma van théa man cac diéu kién cac rang budc trén.

As a final example, suppose you are building a hardware device that uses a microphone to listen
for the user saying a particular "wakeword," that then causes the system to wake up. Examples
include Amazon Echo listening for "Alexa"; Apple Siri listening for "Hey Siri"; Android listening for
"Okay Google"; and Baidu apps listening for "Hello Baidu." You care about both the false positive
rate -- the frequency with which the system wakes up even when no one said the wakeword -- as
well as the false negative rate -- how often it fails to wake up when someone says the wakeword.
One reasonable goal for the performance of this system is to minimize the false negative rate
(optimizing metric), subject to there being no more than one false positive every 24 hours of
operation (satisficing metric).

Vi du cuéi cling, gia st ban can xay dung mét thiét bj phan ciing c6 microphone dé nghe ngudsi ding
néi mét tir "danh thirc" dac biét nao dé dé danh thiic hé théng. Vi du vé tir danh thic cd: Amazon
Echo v&i "Alexa"; Apple Siri v&i "Hey Siri"; Android véi "Hey Google" hay cac Uing dung cua Baidu vdi
"Hello Baidu". Ban quan tam dén ca tan suat duong tinh gia (hay bao dong nham) -- tan suat ma hé
théng thic day khi khong ai néi cum danh thic -- cling nhu tan suat am tinh gia (hay bo sot) -- tan
suat hé théng khong thic day khi cé ngudi néi cum danh thirc. Mot muc tiéu kha di cho hé thong nay
la t6i thi€u hda tan sudt am tinh gid (phép do dé t&i uu), vai diéu kién chi co t6i da mét bao déng
nham cho mdi 24 gi& hoat déng (phép do thda man).

Once your team is aligned on the evaluation metric to optimize, they will be able to make faster
progress.

Mot khi nhém cutia ban da thong nhat phép danh gia nao can dugc téi uu, ca nhom sé dat tién do
nhanh hon.



10. Having a dev set and metric speeds up iterations

10. Xay dung mot tap phat trién va mét phép do sé ting
toc qua trinh lam viéc
It is very difficult to know in advance what approach will work best for a new problem. Even

experienced machine learning researchers will usually try out many dozens of ideas before they
discover something satisfactory. When building a machine learning system, I will often:

That su rat khd dé biét trudc phuang an ti€p can nao 1a tét nhat cho mot van dé mdi. K€ ca nhiing
nha nghién ciru hoc may day dan kinh nghiém ciing thudng thir nghiém ca chuc y tudng mdi kham
pha ra mét hudng di thoa dang. Khi xay dung maot hé théng hoc may, t6i thudng:

1. Start off with some idea on how to build the system.

1. Bat dau bang mét vai y tudng vé cach xay dung hé théng do.
2. Implement the idea in code.

2. Hién thyc hoéa y tudng dudi dang code.

3. Carry out an experiment which tells me how well the idea worked. (Usually my first few ideas
don't work!) Based on these learnings, go back to generate more ideas, and keep on iterating.

3. Tién hanh mét thi nghiém dé do muc hiéu qua cta y tudng. (Thudng thi nhitng y tuéng dau tién

cla t6i sé khong hoat dong!) Hoc dugc tur nhitng két qua do, téi quay lai thir nghiém thém nhirng
y tudng mdi, va c( thé 1ap lai ca quy trinh.

1.Y tudng

3. Kinh
nghiém

This is an iterative process. The faster you can go round this loop, the faster you will make
progress. This is why having dev/test sets and a metric are important: Each time you try an idea,
measuring your idea’s performance on the dev set lets you quickly decide if you're heading in the
right direction.
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Pay la mot quy trinh lap di 1ap lai. Ban thyc hién vong lap nay cang nhanh thi téc do cai tién két qua
cang cao. D6 13 ly do tai sao cd tap phat trién/thi nghiém va mét phép do la rat quan trong: Viéc
danh gia chat lugng ciia méi y tudng trén tap phat trién gidp ta xac dinh dudc liéu minh c6 dang di
didng huéng.

In contrast, suppose you don't have a specific dev set and metric. So each time your team
develops a new cat classifier, you have to incorporate it into your app, and play with the app for a
few hours to get a sense of whether the new classifier is an improvement. This would be
incredibly slow! Also, if your team improves the classifier’s accuracy from 95.0% to 95.1%, you
might not be able to detect that 0.1% improvement from playing with the app. Yet a lot of
progress in your system will be made by gradually accumulating dozens of these 0.1%
improvements. Having a dev set and metric allows you to very quickly detect which ideas are
successfully giving you small (or large) improvements, and therefore lets you quickly decide what
ideas to keep refining, and which ones to discard.

Ngugc lai, gia st ban khéng c6 mot tap phat trién va phép do nao cu thé. Nhu vdy méi khi nhdm cuia
ban phat trién mét bo phan loai méo mdi, ban sé lai phai tich hgp nd vao (ng dung, va thir nghiém
(ng dung dé moét vai tiéng dé kiém tra liéu bd phan loai méi ¢ tét han hay khdng. Nhu vy sé cuc ki
cham! Bong thai, nhém cla ban sé rat khd nhan ra su khac biét néu do chinh xac chi cai thién tu
95.0% lén 95.1%, ban sé& khong thé nhan ra nhitng cai ti€n 0.1% do6 chi qua viéc dung thlr tng dung.
Thé nhung, phén I6n nhitng cai tién dén t viéc tich Iy nhiéu budc cai thién 0.1% nay. Viéc cd mot
tap phat trién va phép do cho phép ban nhanh chéng phat hién ra y tuéng nao dang dem lai nhiing
cai tién nho (hoac I&n) va gilp ban ra quyét dinh y tudng nao can cai thién thém hoac loai bo.



11. When to change dev/test sets and metrics

11. Khi nao can thay déi tap phat trién/kiém tra va cac
phép do

When starting out on a new project, I try to quickly choose dev/test sets, since this gives the team
a well-defined target to aim for.

Khi bat dau mét du an, téi lubn ¢d gang chon tap phat trién/kiém tra that nhanh dé tao mét muc tiéu
ro rang cho ca nhém.

I typically ask my teams to come up with an initial dev/test set and an initial metric in less than one
week—rarely longer. It is better to come up with something imperfect and get going quickly,
rather than overthink this. But this one week timeline does not apply to mature applications. For
example, anti-spam is a mature deep learning application. I have seen teams working on already-
mature systems spend months to acquire even better dev/test sets.

Toi thudng yéu cau cac nhom cda téi xac dinh tap phat trién/ki€ém tra va mot phép do ban dau hiém
khi 1au hon mét tuan. Tét hon hét la cé dugc tap phat trién/kiém tra va phép danh gia don tri, du la
chua hoan hao dé bat dau nhanh chéng, hon 1a suy nghi qua nhiéu vé chang. Tuy nhién, thai han mot
tuan khéng ap dung véi cac ing dung da phat trién. Vi du, chéng thu rac 1a mét ing dung hoc sau da
phat trién. Téi tiing thdy cac nhdm lam viéc véi nhitng hé théng da phat trién danh hang thang dé tao
dugc nhitng tap phat trién/kiém tra tét hon.

If you later realize that your initial dev/test set or metric missed the mark, by all means change
them quickly. For example, if your dev set + metric ranks classifier A above classifier B, but your
team thinks that classifier B is actually superior for your product, then this might be a sign that you
need to change your dev/test sets or your evaluation metric.

Néu sau dé ban nhan ra rang tap phat trién/kiém tra hodc phép do ban dau khéng pht hop véi muc
tiéu dat ra, bang moi gid hay thay déi ching mét cach nhanh chéng. Chang han, néu phép do trén
tap phat trién xép hang bé phan loai A t6t hon bd phan loai B, nhung nhém nghi rang bé phén loai B
thuc ra lai t6t hon cho san pham cla ban, day cé thé la dau hiéu can thay déi tap phat trién/ki€ém tra
hoac phép danh gia.

There are three main possible causes of the dev set/metric incorrectly rating classifier A higher:
Ba nguyén nhan chinh khién tap phat trién/phép danh gia xé€p hang bé phan loai A cao hon:
1. The actual distribution you need to do well on is different from the dev/test sets.

1. Phéan phéi thuc té€ ma ban can lam tét khac véi phan phai cha tap phat trién/kiém tra.



Suppose your initial dev/test set had mainly pictures of adult cats. You ship your cat app, and find
that users are uploading a lot more kitten images than expected. So, the dev/test set distribution
is not representative of the actual distribution you need to do well on. In this case, update your
dev/test sets to be more representative.

Gia s tap phat trién/kiém tra ban dau chlra chl yéu anh méo trudng thanh. Sau khi ra mat ¢ing dung,
ban nhan ra rang ngudi dung lai tai Ién anh méo con nhiéu hon duy tinh. Khi d6, phan phéi cda tap
phat trién/ki€ém tra khong dai dién cho phan phéi thuc t&€ ma can ban hudng tdi. Trong trudng hap
nay, ban can cap nhat tdp phat trién/ki€ém tra sao cho chiing c6 tinh dai dién han.

2. You have overfit to the dev set.
2. M6 hinh ctia ban da qua khép tap phat trién.

The process of repeatedly evaluating ideas on the dev set causes your algorithm to gradually
"overfit" to the dev set. When you are done developing, you will evaluate your system on the test
set. If you find that your dev set performance is much better than your test set performance, it is
a sign that you have overfit to the dev set. In this case, get a fresh dev set.

Qua trinh danh gia y tudng trén tap phat trién dugc lap di 1ap lai khién thuét toan dan "qua khép" tap
dir liéu nay. Sau khi phat trién xong, ban sé& danh gia mé hinh trén tap kiém tra. Néu ban thady rang
chat lugng trén tap phat trién t6t hon nhiéu so véi chat lugng trén tap ki€ém tra, day la dau hiéu ban
da qua khdp tap phat trién. Trong trudng hgp nay, ban hay tao mét tap phat trién mai hoan toan.

If you need to track your team’s progress, you can also evaluate your system regularly—say once
per week or once per month—on the test set. But do not use the test set to make any decisions
regarding the algorithm, including whether to roll back to the previous week’s system. If you do
so, you will start to overfit to the test set, and can no longer count on it to give a completely
unbiased estimate of your system’s performance (which you would need if you're publishing
research papers, or perhaps using this metric to make important business decisions).
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Néu ban can theo dai ti€n d6 ctia nhém, ban cling cé thé danh gia hé théng trén tap kiém tra thudng
xuyén, chdng han méi tudn hodc méi thang mét lan. Tuy nhién, khéng dugc st dung tap kiém tra dé
dua ra bat ki quyét dinh nao lién quan tGi thuat toan, bao gom viéc quay lui vé hé thdng trudc doé.
Néu lam vay, ban s& bat dau qua khép tap kiém tra va khdng thé tiép tuc dua vao nd dé tao ra mot
danh gia hoan toan khong thién léch cho chat lugng cta hé théng (ban sé can danh gia nhu vay khi
ban xuat ban céng trinh nghién clu hodc 1a dé dua ra nhiing quyét dinh kinh doanh quan trong dua
trén phép do nay).

3. The metric is measuring something other than what the project needs to optimize.
3. Phép do khong phu hgp véi muc tiéu toi uu caa du an.

Suppose that for your cat application, your metric is classification accuracy. This metric currently
ranks classifier A as superior to classifier B. But suppose you try out both algorithms, and find
classifier A is allowing occasional pornographic images to slip through. Even though classifier A is
more accurate, the bad impression left by the occasional pornographic image means its
performance is unacceptable. What do you do?

Gia su trong Ung dung meéo, phép do cla ban la dé chinh xac phan loai. Phép do nay hién tai xép
hang bd phan loai A t6t hon bé phan loai B. Tuy nhién, giad st ban thir ca hai thuat toan, va nhan ra
rang bd phan loai A thi thoang chdp nhan nhiing blc anh khiéu dam. Ngay ca khi bé phan loai A
chinh xac hon, an tugng xau gay ra bai mét vai blc anh khiéu dam déng nghia véi viéc chat lugng
cta né la khéng chap nhan dugc. Ban sé lam gi?

Here, the metric is failing to identify the fact that Algorithm B is in fact better than Algorithm A for
your product. So, you can no longer trust the metric to pick the best algorithm. It is time to
change evaluation metrics. For example, you can change the metric to heavily penalize letting
through pornographic images. I would strongly recommend picking a new metric and using the
new metric to explicitly define a new goal for the team, rather than proceeding for too long
without a trusted metric and reverting to manually choosing among classifiers.

o] day, phép do that bai trong viéc xac dinh dugc thuc té Thuat toan B t6t hon Thuat toan A cho san
pham cua ban. B&i vay, ban khdng thé dua vao phép do nay dé chon thuét toan tét nhat. Day la luc
phai thay d6i phép do. Vi dy, ban c6 thé thay déi phép do sao cho n6 "phat" that nang néu mot thuat
toan chap nhan anh khiéu dam. Téi khuyén ban chon mét phép do mdi va sit dung né dé dinh nghia
lai that roé rang muc tiéu clia nhém, hon la ¢ tiép tuc chon thd cong trong s6 cac bé phan loai khi
khong c6 moét phép do dang tin cay.

It is quite common to change dev/test sets or evaluation metrics during a project. Having an initial
dev/test set and metric helps you iterate quickly. If you ever find that the dev/test sets or metric
are no longer pointing your team in the right direction, it's not a big deal! Just change them and
make sure your team knows about the new direction.

Viéc thay doi tap phat trién/kiém tra hodc phép do gitta du an kha la phd bién. C6 mot tap phat
trién/ki€m tra va phép do ban dau gilp ban hoan thanh chu ky phat trién mét cach nhanh chéng. Néu
ban nhén ra rang tap phat trién/kiém tra hodc phép do khéng con gidp nhém di dang hudng, khéng
sao ca! Chi can thay ching va dam bao ca nhém déu biét vé hudng di mdi nay.



12. Takeaways: Setting up development and test sets

12. Diéu can nhé: Thiét lap cac tap phat trién va kiém tra

® Choose dev and test sets from a distribution that reflects what data you expect to get in the
future and want to do well on. This may not be the same as your training data’s distribution.

e Chon tap phat trién va ki€ém tra tr mét phan phéi phan anh dugc dit liéu ban du tinh sé can xu ly
trong tuong lai va muén hoat déng t6t véi chiing. Phan phdi nay cé thé khéng giéng phan phdi
trén di liéu huan luyén cla ban.

e Choose dev and test sets from the same distribution if possible.
e Néu co thé, hdy chon tap phat trién va kiém tra tif cing mét phan phdi xac suat.

e Choose a single-number evaluation metric for your team to optimize. If there are multiple
goals that you care about, consider combining them into a single formula (such as averaging
multiple error metrics) or defining satisficing and optimizing metrics.

e Hay chon mét phép do don tri d€ t8i uu héa. Néu c6 nhiéu muc tiéu can quan tam dén, hay két
hgp ching thanh mét cong thirc duy nhat (chang han nhu 18y trung binh cac phép do sai s6) hoic
xac dinh ra phép do thda méan va phép do dé téi uu.

e Machine learning is a highly iterative process: You may try many dozens of ideas before
finding one that you're satisfied with.
e Hoc may la mét qué trinh 13p di 13p lai: Ban c6 thé phai thir hang ta y tudng trudc khi tim thady mét
y tudng ma ban hai long.
e Having dev/test sets and a single-number evaluation metric helps you quickly evaluate

algorithms, and therefore iterate faster.

o (CO tap phat trién/ki€ém tra va mot phép do don tri gidp ban nhanh chéng danh gia cac thuat toan
va do do lap lai nhanh han.

e When starting out on a brand new application, try to establish dev/test sets and a metric
quickly, say in less than a week. It might be okay to take longer on mature applications.

o Khi bat dau trén mét (ing dung hoan toan mdi, hdy nhanh chong thiét |ap tap phat trién/kiém tra
va mét phép do trong vong moét tuan. Vai cac (ng dung da phat trién, qua trinh nay cé thé kéo
dai hon.

e The old heuristic of a 70%/30% train/test split does not apply for problems where you have a
lot of data; the dev and test sets can be much less than 30% of the data.

e Cach chia dir liéu hudn luyén/kiém tra vdi ti 1& 70%/30% theo kinh nghiém cii khéng ap dung cho

cac bai toan vdi nhiéu dir liéu; tdp phat trién va ki€ém tra c6 thé chiém it hon con s6 30% rat nhiéu.

e Your dev set should be large enough to detect meaningful changes in the accuracy of your
algorithm, but not necessarily much larger. Your test set should be big enough to give you a
confident estimate of the final performance of your system.

e Tap phat trién cla ban phai du I&n dé phat hién cac thay déi cé y nghia d6i véi d6 chinh xac clia



thuat toan, nhung khéng nhat thiét phai I6n hon nhiéu. Tap ki€ém tra phai da 16n dé cung cap cho
ban udc lugng dang tin cay vé chat lugng cudi cling clia hé théng.

e If your dev set and metric are no longer pointing your team in the right direction, quickly
change them: (i) If you had overfit the dev set, get more dev set data. (ii) If the actual
distribution you care about is different from the dev/test set distribution, get new dev/test set
data. (iii) If your metric is no longer measuring what is most important to you, change the
metric.

o Néu tap phat trién va phép do khéng con chi cho nhém clia ban di ddng hudng, hay nhanh chdng
thay d6i ching: (i) Néu thuat toan da qua khdp tap phat trién, hdy thu thap thém di liéu cho tap
nay. (ii) Néu phan phadi xac suat thuc té ma ban quan tam khac véi phan phéi xac suat cla tap phat
trién/ki€m tra, hdy tao tap phat trién va ki€m tra mdi. (i) Néu phép do khdng con do ludng dugc
diéu quan trong nhat véi ban, hay thay déi phép do.



Part 2: Basic Error Analysis

Phan 2: Phan tich loi co ban



13. You want to build a new email anti-spam system.
Your team has several ideas:

13. Ban mong mudn xay dung mot hé théng phong chéng
email rac méi. Nhém cua ban cé rat nhiéu y tuéng:

e Collect a huge training set of spam email. For example, set up a "honeypot": deliberately send
fake email addresses to known spammers, so that you can automatically harvest the spam
messages they send to those addresses.

Thu thap mét tap huan luyén I&n vé email rac. Vi du nhu thiét lap mot Honeypot (Méi nh): ¢6 y gui
cac dia chi email gia dén nhitng spammer da biét, va ban cé thé thu thap cac tin nhan rac ma ho gui
dén dia chi d6 mét cach tu dong.

e Develop features for understanding the text content of the email.
Phat trién nhitng tinh nang dé hiéu dugc ndi dung van ban trong email.

e Develop features for understanding the email envelope/header features to show what set of
internet servers the message went through.

Phat trién nhitng tinh nang dé hiéu dudc cac dac tinh clia phéng thu/nhan thu tir email nham hién thi
tap hgp cac may chu internet ma thu da di qua.

e and more.
® v3 nhiéu hon thé.

Even though I have worked extensively on anti-spam, I would still have a hard time picking one of
these directions. It is even harder if you are not an expert in the application area.

Mac du téi da kinh qua rat nhiéu trong viéc phong chéng email rac, t6i van sé gap khé khan khi phai
chon mét trong cac hudng di trén. Diéu nay sé con khé han néu ban khéng phai la mét chuyén gia
trong linh vuc nay.

So don't start off trying to design and build the perfect system. Instead, build and train a basic
system quickly -- perhaps in just a few days [5]. Even if the basic system is far from the "best"
system you can build, it is valuable to examine how the basic system functions: you will quickly
find clues that show you the most promising directions in which to invest your time. These next
few chapters will show you how to read these clues.

Vi vay, ban khéng nén bat dau bang viéc thiét ké va xay dung mot hé thong hoan hao. Thay vao dé,
hay xay dung va hudn luyén nhanh mét hé théng ca ban -- c6 thé 1a trong vai ngay[5]. Ngay ca khi hé
théng ca ban khac xa vai hé thdng t6t nhat ma ban cd thé xay dung, kham pha cach thiic hoat déng
clia hé thdng cd ban nay van dem lai nhiéu gia tri: ban s& nhanh chdng tim ra dugc nhitng dau hiéu
cho nhitng hudng di hlra hen nhat dé dau tu thai gian. Trong nhitng chuong ti€p theo sé chi cho ban
cach tim thay nhitng dau hiéu nay.



CHU THICH:

[5] This advice is meant for readers wanting to build Al applications, rather than those whose goal
is to publish academic papers. I will later return to the topic of doing research.

Lai khuyén nay danh cho nhitng déc gia c6 mong muén xdy dung cac Ung dung Al han la nhiing
ngudi ¢ muc tiéu la xuat ban nhirng bai bao hoc thuat. Toi sé quay trd lai véi chu dé nghién cu nay
sau.
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14. Error analysis: Look at dev set examples to evaluate
ideas

14. Phan tich loi: danh gia y tudng dua trén tap phat trién

When you play with your cat app, you notice several examples where it mistakes dogs for cats.
Some dogs do look like cats!

Khi ki€m thir ting dung nhan dang méo, ban thay rang mét s6 biic anh ché bi nhan nham. Nhin ching
tuang doi giong meo!

A team member proposes incorporating 3rd party software that will make the system do better
on dog images. These changes will take a month, and the team member is enthusiastic. Should
you ask them to go ahead?

Mot thanh vién trong nhdm dé xuat tich hgp phan mém cta bén thd ba nham gidp hé théng phan
biét t6t hon cac bic anh chd. Cé thé mat mét thang dé hoan thanh qua trinh tich hop va ngudi dé
xudt rat hao hiing. Liéu ban c6 nén yéu cau thanh vién dé bat dau cong viéc?

Before investing a month on this task, I recommend that you first estimate how much it will
actually improve the system’s accuracy. Then you can more rationally decide if this is worth the
month of development time, or if you're better off using that time on other tasks.

Trudc khi dau tu cd mét thang, ban nén udc lugng viéc nay cé thé cai thién do chinh xac clia hé théng
t6i mlc nao. Tur d6, ban sé ¢ thé quyét dinh xem cé dang bo ra chiing dé thdi gian vao viéc phat
trién hay la danh né cho nhiing viéc khac.

In detail, here’s what you can do:
Cu thé, ban c6 thé lam theo cc budc sau:

1. Gather a sample of 100 dev set examples that your system misclassified. L.e., examples that
your system made an error on.

1. Thu thap 100 m3u trong tap phat trién ma (ng dung ctia ban phan loai nham — khéng phai méo
nhung dugc phan loai la meo va ngugc lai.

2. Look at these examples manually, and count what fraction of them are dog images.
2. Nhin vao nhitng mau trén va dém xem bao nhiéu trong s6 dé 1a anh cho.

The process of looking at misclassified examples is called error analysis. In this example, if you
find that only 5% of the misclassified images are dogs, then no matter how much you improve
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your algorithm'’s performance on dog images, you won't get rid of more than 5% of your errors.
In other words, 5% is a "ceiling" (meaning maximum possible amount) for how much the
proposed project could help. Thus, if your overall system is currently 90% accurate (10% error),
this improvement is likely to result in at best 90.5% accuracy (or 9.5% error, which is 5% less error
than the original 10% error).

Qua trinh nhin vao nhitng mau bi phan loai nham dugc goi la phan tich 16i. Trong vi du nay, néu ban
nhan thdy rang chi 5% 16i la ché nham thanh méo thi cho du cai thién thuat toan theo hudng tich hgp
phan mém nhan dang cho vao (ng dung, ban khéng thé loai bo qua 5% sé anh bi nhan dang sai. Néi
cach khac, 5% Ia "can trén" (sd lugng t6i da c6 thé dat dudc) cho miic dé cai thién ma hudng di trén
c6 thé gip cho hé théng. Néu nhu dé chinh xac ban dau cta Ung dung la 90% (10% 16i), viéc cai
thién chi 1am cho hé théng clia ban dat dugc dé chinh xac mdi 13 90,5% (9,5% 16i, it han 5% so véi s6
lugng 16 ban dau).

In contrast, if you find that 50% of the mistakes are dogs, then you can be more confident that the
proposed project will have a big impact. It could boost accuracy from 90% to 95% (a 50% relative
reduction in error, from 10% down to 5%).

Ngudc lai, néu ban nhan thay rang 50% I6i 13 do chd bi nham thanh méo thi ban cé thé tu tin rang
phuang an dugc dé xuat sé co tac déng I8n. N6 cé thé cai thién dang ké do chinh xac cta hé théng tir
90% lén 95% (giam 50% téng s6 16i, tir 10% xuéng 5%).

This simple counting procedure of error analysis gives you a quick way to estimate the possible
value of incorporating the 3rd party software for dog images. It provides a quantitative basis on
which to decide whether to make this investment.

Céch phan tich 16i don gian & trén giup ban udc lugng nhanh hiéu qua cla viéc tich hgp phan mém
nhan dang chd clia bén th(r ba vao hé théng nhan dang méo. Day cling la co s& dinh lugng dé ban
Iua chon xem ¢d nén di theo hudng nay hay khdéng.

Error analysis can often help you figure out how promising different directions are. I've seen
many engineers reluctant to carry out error analysis. It often feels more exciting to just jump in
and implement some idea, rather than question if the idea is worth the time investment. This is a
common mistake: It might result in your team spending a month only to realize afterward that it
resulted in little benefit.

Viéc phan tich 16i thudng giup ban nhin thdy dudc trién vong cta nhitng hudng gidi quyét khac
nhau. Téi thdy nhiéu ky su ti€én hanh phan tich 16i mét cach mién cudng. Dudng nhu déi vdi ho ngay
lap tlc thuc hién mét s8 y tudng sé tha vi hon la tu hoi xem y tudng dd cé that sy dang dé ban bo
thai gian thuc hién. Day la mét 16i phé bién: nd cé thé gay lang phi hang thang chi dé€ nhan ra rang sy
cai thién la khéng dang ké.

Manually examining 100 examples does not take long. Even if you take one minute per image,
you'd be done in under two hours. These two hours could save you a month of wasted effort.

Quan sat 100 mau dé phan tich 16i khéng t6n nhiéu thdi gian. K& ca khi ban bd ra mét phat dé kiém
tra tiing anh, thdi gian t8ng cong van nho han hai gid. Néu nhu y tudng kia khéng t6t, bo ra hai gids
phan tich 16i nay c6 thé gitp ban tiét kiém dugc mot thang.

Error Analysis refers to the process of examining dev set examples that your algorithm
misclassified, so that you can understand the underlying causes of the errors. This can help you



prioritize projects—as in this example—and inspire new directions, which we will discuss next. The
next few chapters will also present best practices for carrying out error analyses.

Viéc phan tich 16i la qué trinh ki€m tra cdc mau trong tap phét trién bi phan loai nham, tir d6 ban cé
thé hi€u dugc nguyén nhan. Hi€u rd nguyén nhan tao ra 16i s& gilp ban nhin ra nhiing hudng giai
quyét mdi ma ching ta sé thao luan & phan sau. Mot s6 chuong ti€p theo sé trinh bay nhiing "best
practices" dugc dung dé phan tich 16i.



15. Evaluating multiple ideas in parallel during error
analysis

15. Panh gia song song cac y tuéng trong qua trinh phan
tich loi
Your team has several ideas for improving the cat detector:
Nhom clia ban cd mot s y tudng cai thién bo phat hién meo:
e Fix the problem of your algorithm recognizing dogs as cats.
e Sl |6i nhan dang ché thanh méo trong thuat toan.

e Fix the problem of your algorithm recognizing great cats (lions, panthers, etc.) as house cats
(pets).

e S(a |6i nhan dang thi ho méo (su t, bao, v.v) thanh méo nha (thd nuéi).
e Improve the system'’s performance on blurry images.

e Cai thién chat lugng ctia hé thdng trén anh ma.

e

You can efficiently evaluate all of these ideas in parallel. I usually create a spreadsheet and fill it
out while looking through ~100 misclassified dev set images. I also jot down comments that
might help me remember specific examples. To illustrate this process, let’s look at a spreadsheet
you might produce with a small dev set of four examples:

Ban cd thé danh gia song song tat ca cac y kién trén mét cach hiéu qua. Téi thudng tao mét bang va
dién vao do khi phan tich ~100 anh phan loai nham trong tap phat trién. Téi cling ghi chi ngan gon
dé ghi nhé nhiing trudng hop dac biét. D€ minh hoa cho qua trinh nay, ban c6 thé tham khao bang
dudgc tao ra tir mot tap phat trién nhd véi bdn mau dudi day:

Anh  Ché ThiHoMeéo AnhMs Ghi chu
1 v Cho pitbull c6 mau la
2 v
3 v v Anh su tif chup & s& thd trong mdt ngay mua
4 v Mot con bao bi khuat sau cay
Tong % 25% 50% 50%

Image #3 above has both the Great Cat and the Blurry columns checked. Furthermore, because it
is possible for one example to be associated with multiple categories, the percentages at the
bottom may not add up to 100%.

Anh #3 & trén c6 ca hai cdt Thi Ho Méo va Anh M3 dugc danh dau. Thém vao do, bdi vi mét mau cd
thé nam & nhiéu hang muc, téng phan tram clia hang cudi cé thé khong dat 100%.



Although you may first formulate the categories (Dog, Great cat, Blurry) then categorize the
examples by hand, in practice, once you start looking through examples, you will probably be
inspired to propose new error categories. For example, say you go through a dozen images and
realize a lot of mistakes occur with Instagram-filtered pictures. You can go back and add a new
"Instagram” column to the spreadsheet. Manually looking at examples that the algorithm
misclassified and asking how/whether you as a human could have labeled the picture correctly
will often inspire you to come up with new categories of errors and solutions.

Mac du ban cé thé tao tir trudc cac hang muc (Chd, Thi Ho Méo, Anh Mg) va sau do phan loai cac
mau thl cdng, trong qué trinh phan tich mau, ban cé thé nay ra nhiing y tudng vé cac hang muc mdi.
Vi du: ban phéan loai hang chuc buc anh va nhén ra nhiéu 16i xay ra & nhitng tdm anh chinh bd&i b6 loc
Instagram. Ban c6 thé quay lai va thém cét "Instagram" vao bang. Bang cach nhin vao tiing mau ma
thuat toan phan loai nham va dat cau hoi lam thé nao/liéu rang con ngudi cé thé nhan dang mau nay
mot cach chinh xac, nhiéu kha nang la ban sé& tim dugc cac hang muc 16i va giai phap mdi.

The most helpful error categories will be ones that you have an idea for improving. For example,
the Instagram category will be most helpful to add if you have an idea to "undo" Instagram filters
and recover the original image. But you don't have to restrict yourself only to error categories
you know how to improve; the goal of this process is to build your intuition about the most
promising areas to focus on.

Nhitng hang muc 16i hitu ich nhat sé 1a nhitng 16i ma ban c6 thé khac phuc. Vi dy, hang muc
Instagram sé& 13 hitu ich nhat dé thém vao néu ban biét cach "dao ngugc" bé loc Instagram va phuc
hoi anh géc. Tuy nhién ban khéng nhat thiét phai gidi han ban than chi véi nhitng hang muc ma ban
biét cach cai thién; muc tiéu cla qua trinh nay la xay dung mét goc nhin ré hon vé nhitng dac trung
tiém nang ma ban nén tap trung vao.

Error analysis is an iterative process. Don't worry if you start off with no categories in mind. After
looking at a couple of images, you might come up with a few ideas for error categories. After
manually categorizing some images, you might think of new categories and re-examine the
images in light of the new categories, and so on.

Phan tich 16i 1a mét qua trinh 13p di 13p lai. Plng lo néu ban bat dau ma van chua nghi dugc hang muc
nao. Ban sé c6 thém y tudng vé cac hang muc 16i mdi sau khi phan tich mét vai tdm anh. Sau khi phan
loai thi cdng mot s hinh anh, ban c6 thé nghi ra cac hang muc mdéi va déi chiéu lai cdc mau anh theo
hang muc méi do.

Suppose you finish carrying out error analysis on 100 misclassified dev set examples and get the
following:

Gia st ban hoan thanh viéc phan tich 16i 100 mau bj phan loai nham trén tap phat trién va cé dugc két
qua nhu sau:



Anh  Ché ThiHoMéo AnhMs Ghi cha

1 v Cho pitbull cé mau la
2 4
3 v v Anh su tf chup & s thi trong mét ngay mua
4 v Mot con bao bi khuat sau cay
T6ng % 8% 43% 61%

You now know that working on a project to address the Dog mistakes can eliminate 8% of the
errors at most. Working on Great Cat or Blurry image errors could help eliminate more errors.
Therefore, you might pick one of the two latter categories to focus on. If your team has enough
people to pursue multiple directions in parallel, you can also ask some engineers to work on
Great Cats and others to work on Blurry images.

Ban thay rang viéc khac phuc 16i phan loai nham trén hang muc Ché cé thé loai b t6i da 8% 16i. Khac
phuc cac 16i trén hang muc Thi Ho Méo va Anh M ¢6 thé loai bd dugc nhigu 16i hon. Vi vay ban c6
thé chon mét trong hai hang muc trén dé tap trung vao. Néu nhom cuia ban c6 dt nhan luc dé khac
phuc nhiéu hang muc 16i song song, ban cé thé phan cong moét sé k§ su khac phuc 16i trén hang muc
Tha Ho Méo, nhitng ngudi con lai khac phuc 16i trén hang muc Anh M&.

Error analysis does not produce a rigid mathematical formula that tells you what the highest
priority task should be. You also have to take into account how much progress you expect to
make on different categories and the amount of work needed to tackle each one.

Phan tich 16i khdng tao ra mét cong thic toan hoc cliing nhac cho ban biét hang muc nao ¢6 dé uu
tién cao nhat. Ban cling can danh gia kha nang cai thién co6 thé dat dugc trén cac hang muc cling nhu
khéi lugng cong viéc can thiét dé giai quyét tiing hang muc do.



16. Cleaning up mislabeled dev and test set examples

16. Don dep nhirng mau bi gan nhian nham trong tap phat
trién va tap kiém tra

During error analysis, you might notice that some examples in your dev set are mislabeled. When
I say "mislabeled" here, I mean that the pictures were already mislabeled by a human labeler
even before the algorithm encountered it. Le., the class label in an example (x,y) has an incorrect
value for y. For example, perhaps some pictures that are not cats are mislabeled as containing a
cat, and vice versa. If you suspect the fraction of mislabeled images is significant, add a category
to keep track of the fraction of examples mislabeled:

Trong qua trinh phan tich 16i, ban ¢ thé nhan thdy rang mét vai mau trong trong tap phat trién bi
gan nhan nham. Khi néi "bi gan nhan nham", y téi la nhitng tdm anh da bi gan nhan nham bdi ngudi
dan nhan trudc ca khi chay thuét toan. Hay ndi cach khac, nhan 16p clia mét mau (x,y) c¢é gia tri y sai.
Vi dy, c6 thé mét s6 anh khong chlra méo bi gan nhan nham thanh cé meéo va ngugc lai. Néu ban
nghi ngd rang ty |é nhiing anh bi gan nhan nham la dang ké, hay thém mét hang muc dé theo dai ty
|é cdc mau bj gan nhan nham:

Thi ho Anh Dan nhan

Anh Cho . R . Ghi chu
meéo md sai

- y Ng‘Au’di ‘Adén nhan da bdé qua con meo &
phan nén

99 v

100 v BL’{C vé clia con meo, khong phai con meo
that

T6ng (o) O, [o) O,

% 8% 43% 61% 6%

o

Should you correct the labels in your dev set? Remember that the goal of the dev set is to help
you quickly evaluate algorithms so that you can tell if Algorithm A or B is better. If the fraction of
the dev set that is mislabeled impedes your ability to make these judgments, then it is worth
spending time to fix the mislabeled dev set labels.

Vay ban c6 nén stra lai nhitng nhan sai trong tap phat trién khéng? Hay nhd rang muc tiéu cla tap
phat trién la giip ban nhanh chéng danh gia cac thuat toan nha d6 ban c6 thé biét liéu Thuat toan A
hay Thuat toan B la t&t hon. Néu ty 1& bj gan nhdn nham trong tap phat trién can tré kha nang ra
nhiing quyét dinh nay cla ban, thi s& dang dé bo thdi gian ra dé stra lai nhitng nhan bj gan nham cda
tap phat trién.

For example, suppose your classifier's performance is:
DE vi dy, gia su chat lugng bd phén loai clia ban la:

e Overall accuracy on dev set.......coccuneee 90% (10% overall error.)



e Do chinh xac téng thé trén tap phat trién................... 90% (10% 16i t6ng thé.)
e Errors due to mislabeled examples....... 0.6% (6% of dev set errors.)

¢ Nhiing 16i gay ra b&i cdc mau bi gan nhan nham....... 0,6% (6% cac 16i trong tap phat trién.)
e Errors due to other causes..................... 9.4% (94% of dev set errors)

e Nhiing 16i do cac nguyén nhan khac.................... 9,4% (94% céac 16i trong tap phét trién)

Here, the 0.6% inaccuracy due to mislabeling might not be significant enough relative to the 9.4%
of errors you could be improving. There is no harm in manually fixing the mislabeled images in
the dev set, but it is not crucial to do so: It might be fine not knowing whether your system has
10% or 9.4% overall error.

G day, ty 1é 0,6% sai do gan nham nhan cé thé khong qué dang ké so vdi ty 1& 9,4% cac 16i ma ban ¢6
thé cai thién. Khdng c6 mét tac hai nao trong viéc slfa thi cdng nhitng anh bi gan nhan nham trong
tap phat trién ca, nhung né khéng quéa quan trong dé lam vay: Viéc ban khong biét liéu hé théng cla
minh c6 10% hay 9,4% |6i chung la c6 thé chap nhan dugc.

Suppose you keep improving the cat classifier and reach the following performance:
Gia s ban ti€p tuc cai thién bo nhan dang meo va dat chat lugng:
e QOverall accuracy on dev set.................... 98.0% (2.0% overall error.)
e D06 chinh xac tdng thé trén tap phat trién.................... 98,0% (2,0% 16i t8ng thé.)
e Errors due to mislabeled examples....... 0.6%. (30% of dev set errors.)
e Nhing 16i gay ra do cac mau bi gan nhan nham....... 0,6%. (30% cac 16i trong tap phat trién.)
e Errors due to other causes.................... 1.4% (70% of dev set errors)
e Nhiing 16i do cac nguyén nhan khac.................... 1,4% (70% cac 16i trong tap phat trién)

30% of your errors are due to the mislabeled dev set images, adding significant error to your
estimates of accuracy. It is now worthwhile to improve the quality of the labels in the dev set.
Tackling the mislabeled examples will help you figure out if a classifier’s error is closer to 1.4% or
2%—a significant relative difference.

30% 16i ctia ban dén tir nhitng anh bj gan nhan nham trong tap phat trién, viéc nay thém mét lugng
dang ké 16i vao cac danh gia do chinh xac clia ban. Trong trudng hop nay, cai thién chat lugng cla
cac nhan trong tap phat trién 1a mot viéc dang lam. X ly nhitng mau bi gan nhan nham sé gidp ban
biét dugc 16i ciia bd phan loai gan véi 1,4% hay 2% -- mét su khac biét dang ké.

It is not uncommon to start off tolerating some mislabeled dev/test set examples, only later to
change your mind as your system improves so that the fraction of mislabeled examples grows
relative to the total set of errors.

Thong thudng, trong giai doan dau, bd qua mét vai nhan sai trong tap phat trién/kiém tra la chap
nhan dugc. Khi hé théng dudc cai thién, s6 mau bi gan nhan sai dan chiém ty 1é tuang déi I6n trong
tap 16i, luc nay ta mdi ti€n hanh slra lai cac nhan doé.

The last chapter explained how you can improve error categories such as Dog, Great Cat and
Blurry through algorithmic improvements. You have learned in this chapter that you can work on



the Mislabeled category as well—through improving the data’s labels.

Chuang trudc da hudng dan cach ban cé thé cdi thién cac hang muc 18i nhu Ché, Thi Ho Méo va Anh
Mg qua nhirng cai tién vé thuat toan. Ban da hoc trong chuang nay rang ban cling c6 thé xdr ly thém
hang muc Bi Gan Nhan Sai nita -- thdng qua cai thién cac nhan ctia dir liéu.

Whatever process you apply to fixing dev set labels, remember to apply it to the test set labels
too so that your dev and test sets continue to be drawn from the same distribution. Fixing your
dev and test sets together would prevent the problem we discussed in Chapter 6, where your
team optimizes for dev set performance only to realize later that they are being judged on a
different criterion based on a different test set.

Bat ké quy trinh ban ap dung dé stta cac nhan trong tap huan luyén la gi, hdy nhé ap dung cing mét
quy trinh cho cac nhan cla tap ki€ém tra, @& dam bao tap phat trién va kiém tra van dugc lay ra ti
cling mét phan phdi. Chinh stra cac tap phat trién va ki€m tra cung nhau sé gilp tranh dugc nhimng
van dé ching ta da ban trong Chuong 6, khi nhdm clia ban téi uu chat lugng cho tap phat trién dé roi
phat hién ra sau do6 13 ching dang dugc danh gia dua trén mét tiéu chuan khac dua trén mét tap
kiém tra khac.

If you decide to improve the label quality, consider double-checking both the labels of examples
that your system misclassified as well as labels of examples it correctly classified. It is possible that
both the original label and your learning algorithm were wrong on an example. If you fix only the
labels of examples that your system had misclassified, you might introduce bias into your
evaluation. If you have 1,000 dev set examples, and if your classifier has 98.0% accuracy, it is
easier to examine the 20 examples it misclassified than to examine all 980 examples classified
correctly. Because it is easier in practice to check only the misclassified examples, bias does creep
into some dev sets. This bias is acceptable if you are interested only in developing a product or
application, but it would be a problem if you plan to use the result in an academic research paper
or need a completely unbiased measure of test set accuracy.

Néu ban quyét dinh cai thién chat lugng nhan, hay xem xét viéc kiém tra k§ cac nhan clia nhitng mau
ma hé théng ctia ban da phan loai nham cling nhu cac nhan clia nhitng mau ma né da phéan loai chinh
xac. Rat c6 thé la ca nhan gdc va thuat todn hoc may cla ban déu da sai trén mot mau. Néu ban chi
stta nhitng nhan clia mau ma hé thdng da phan loai nham, ban c6 thé da gay ra thién léch trong danh
gia. Néu ban ¢ 1.000 mau trong tap phét trién, va néu bd phan loai cla ban c6 98,0% do chinh xac,
sé dé han khi kiém tra 20 mau da bi phan loai nham hon la ¢ 980 mau dudc phéan loai chinh xac. B&i
vi trén thuc t€, s& dé han khi chi ki€ém tra nhitng mau bj phan loai nham, do dé su thién léch s& 1én
vao mot vai tdp phat trién. Su thién léch ndy 1a chdp nhan dugc néu ban chi quan tdm vao viéc phat
trién mét san pham hay mét iing dung, nhung noé sé la mét van dé néu ban dinh sit dung két qua
trong mét bai bao nghién cliu khoa hoc hay can mét phép do hoan toan khong thién léch cho do
chinh xac clia tap ki€m tra.



17. If you have a large dev set, split it into two subsets,
only one of which you look at

17. Néu ban c6 mét tap phat trién Ién, chia né thanh hai
tap con va chi phan tich trén moét tap

Suppose you have a large dev set of 5000 examples in which you have a 20% error rate. Thus,
your algorithm is misclassifying ~1,000 dev images. It takes a long time to manually examine
1,000 images, so we might decide not to use all of them in the error analysis.

Gia st ban c6 mot tap phat trién 16n gom 5000 mau, vdi ti 1& 16i 1a 20%. O day, thuat toan cla ban
dang phan loai nham khoang 1000 mau anh cla tap phat trién. Sé rat Iau dé phan tich thu céng 1000
anh nay, vi vy, ching ta c6 thé quyét dinh khéng sir dung tat ca 1000 anh do trong phan tich I6i.

In this case, I would explicitly split the dev set into two subsets, one of which you look at, and one
of which you don't. You will more rapidly overfit the portion that you are manually looking at. You
can use the portion you are not manually looking at to tune parameters.

Trong trudng hop nay, tdi sé chia tap phat trién thanh hai tdp con riéng biét: mét tap s& dugc phan
tich thu cdng (bang cach nhin vao tiing mauy), tap con lai thi khdng. Thuét toan sé qua khép phan
dugc phan tich tht cdng nhanh hon. Phan con lai c6 thé dugc st dung dé diéu chinh tham sé.

Let's continue our example above, in which the algorithm is misclassifying 1,000 out of 5,000 dev
set examples. Suppose we want to manually examine about 100 errors for error analysis (10% of
the errors). You should randomly select 10% of the dev set and place that into what we'll call an
Eyeball dev set to remind ourselves that we are looking at it with our eyes. (For a project on
speech recognition, in which you would be listening to audio clips, perhaps you would call this set
an Ear dev set instead). The Eyeball dev set therefore has 500 examples, of which we would
expect our algorithm to misclassify about 100.

Hay cling ti€p tuc véi vi du & trén: vi du thuat toan dang phén loai nham 1000 mau trén téng s6 5000
mau trong tap phéat trién. Gia si ching ta mudn ki€ém tra mét cach tha cdng 100 mau bi phan loai
nham dé phan tich 16i (10% téng s& 16i). Ban nén chon ra 10% mau trong tap phat trién mét cach
ngau nhién va dat né vao trong mot tdp ma ching ta sé goi la tap phat trién Eyeball dé tu nhac
chiing ta rang chdng ta sé truc ti€p nhin vao bang mat. (D&i véi nhitng du an nhan dién giong ndi ma
ban phai nghe céc clip audio, cé I& ban s& goi tap nay la tap phat trién Ear). Tap phat trién Eyeball
chira 500 mau, trong d6 ching ta ky vong thuat toan sé phan loai nham khoang 100 mau.

The second subset of the dev set, called the Blackbox dev set, will have the remaining 4500
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examples. You can use the Blackbox dev set to evaluate classifiers automatically by measuring
their error rates. You can also use it to select among algorithms or tune hyperparameters.
However, you should avoid looking at it with your eyes. We use the term "Blackbox" because we
will only use this subset of the data to obtain "Blackbox" evaluations of classifiers.

Tap con th( hai cta tap phéat trién, dugc goi 1a tap phat trién Blackbox, sé chira 4500 mau con lai.
Ban cé thé sir dung tap phat trién Blackbox dé€ danh gia cac bo phan loai mét cach ty déng bang cach
do ti lé 16i clia ching. Ban cling c6 thé sit dung tap nay dé lua chon gilta cac thuat toan hodc diéu
chinh cac siéu tham s6. Tuy nhién, ban nén tranh tryuc ti€p phan tich thi cong trén tap nay. Ching ta
sit dung thudt nglr "Blackbox" vi ching ta chi si dung tdp con nay dé thu vé nhitng danh gia
"Blackbox" ctia cac bo phan loai.

Why do we explicitly separate the dev set into Eyeball and Blackbox dev sets? Since you will gain
intuition about the examples in the Eyeball dev set, you will start to overfit the Eyeball dev set
faster. If you see the performance on the Eyeball dev set improving much more rapidly than the
performance on the Blackbox dev set, you have overfit the Eyeball dev set. In this case, you might
need to discard it and find a new Eyeball dev set by moving more examples from the Blackbox
dev set into the Eyeball dev set or by acquiring new labeled data.

Tai sao chung ta lai chia tdp phat trién mot cach riéng biét thanh tap phat trién Eyeball va tap phat
trién Blackbox? Bdi vi ban sé& hiéu ré hon vé cac mau trong tap phat trién Eyeball, ban s& bat dau qua
khSp tap phat trién dé nhanh han. Néu ban thay chat lugng ciia mé hinh trén tap phat trién Eyeball
dang tang nhanh hon nhiéu so v&i trén tap phat trién Blackbox, ban da quéa khdp tap phat trién
Eyeball. Trong trudng hop nay, ban c6 thé phai loai bé tap Eyeball di, tim mét tap Eyeball khac thay
thé bang cach chuyén cac mau tur tp phéat trién Blackbox thanh tap phat trién Eyeball mdi, hodc thu
thap nhitng mau c6 nhan mai.

Explicitly splitting your dev set into Eyeball and Blackbox dev sets allows you to tell when your
manual error analysis process is causing you to overfit the Eyeball portion of your data.

Viéc phan chia tap phat trién thanh hai tap riéng biét -- tdp phat trién Eyeball va tdp phat trién
Blackbox -- cho ban biét khi nao viéc phan tich 16i thu céng dang khién ban qua khdp tap Eyeball.
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18. How big should the Eyeball and Blackbox dev sets
be?

18. Tap phat trién Eyeball va Blackbox nén Ién nhu thé
nao?

Your Eyeball dev set should be large enough to give you a sense of your algorithm’s major error
categories. If you are working on a task that humans do well (such as recognizing cats in images),
here are some rough guidelines:

Tap phat trién Eyeball phai du 16n dé€ gilp ban cé cai nhin vé cac hang muc 16i chinh cla thuat toan.
Néu ban dang lam mét tac vu ma con ngudi lam tét (chéng han nhu nhan dién meéo trong cac anh),
dudi day la mét vai hudng dan sc bo.

® An eyeball dev set in which your classifier makes 10 mistakes would be considered very small.
With just 10 errors, it's hard to accurately estimate the impact of different error categories. But
if you have very little data and cannot afford to put more into the Eyeball dev set, it's better
than nothing and will help with project prioritization.

® Mot tap phat trién Eyeball & dé cac bd phan loai tao ra 10 16i ¢6 thé dugc coi la rat nho. Vai chi 10
16i, rat khé dé udc lugng chuan xac anh hudng clia nhitng hang muc 16i khac nhau. Nhung néu ban
co rat it dir liéu va khoéng thé tang s6 mau trong tap phat trién Eyeball, viéc nay van tét hon so véi
khong cé gi va sé gilp ich d6i véi viéc sap x€p uu tién cla dy an.

e If your classifier makes ~20 mistakes on eyeball dev examples, you would start to get a rough
sense of the major error sources.

® Né&u bd phan loai tao ra khoang 20 16i trong tap phét trién Eyeball, ban s& bat dau cdm nhan dugc
sd bo vé cac ngudn 16i chinh.
e With ~50 mistakes, you would get a good sense of the major error sources.

® V3i khoang 50 16i, ban s& c6 cdm nhéan t6t vé cac ngudn 16i chinh.

e With ~100 mistakes, you would get a very good sense of the major sources of errors. I've
seen people manually analyze even more errors—sometimes as many as 500. There is no
harm in this as long as you have enough data.

o V3i khoang 100 16i, ban s& cdm nhan dugc rat t6t cac ngudn 16i chinh. Téi d& chiing kién nhiéu
ngudi phan tich thd cdng nhiéu 16i hon, ddi khi t&i 500 16i. Diéu d6 khdng gy hai mién la ban cé
da dir liéu.
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Say your classifier has a 5% error rate. To make sure you have ~100 misclassified examples in the
Eyeball dev set, the Eyeball dev set would have to have about 2,000 examples (since 0.05*2,000 =
100). The lower your classifier's error rate, the larger your Eyeball dev set needs to be in order to
get a large enough set of errors to analyze.

Gia sif bd phan loai clia ban 6 ty 1& 16i 5%. DE dam bao ban c¢é khoang 100 mau bi phéan loai sai
trong tap phat trién Eyeball, tap phat trién Eyeball sé phai co6 khoang 2.000 mau (bdi vi 0,05 * 2.000 =
100). Ty Ié 16i do bd phan loai gy ra cang thap, tap phat trién Eyeball cang phai 16n dé c6 dugc mot
tap 16i A0 16n cho phan tich.

If you are working on a task that even humans cannot do well, then the exercise of examining an
Eyeball dev set will not be as helpful because it is harder to figure out why the algorithm didn’t
classify an example correctly. In this case, you might omit having an Eyeball dev set. We discuss
guidelines for such problems in a later chapter.

Néu ban dang lam viéc trong mét tdc vu ma ngay ca con ngudi cling khdng thé l1am tét, thi viéc ki€m
tra tap phat trién Eyeball s& khdng hitu ich nhu trong trudng hgp trén vi khé hinh dung tai sao thuét
toan khéng phan loai mau mét cach chinh xéc. Trong trudng hop nay, ban cé thé bd qua viéc thiét 1ap
tap phét trién Eyeball. Ching ta thao ludn hudng dan cho nhitng van dé nay trong mét chuong sau.

How about the Blackbox dev set? We previously said that dev sets of around 1,000-10,000
examples are common. To refine that statement, a Blackbox dev set of 1,000-10,000 examples
will often give you enough data to tune hyperparameters and select among models, though there
is little harm in having even more data. A Blackbox dev set of 100 would be small but still useful.

Tap phét trién Blackbox thi sao? Trudc day ching ta da khang dinh rang cac tap phat trién khoang
1.000-10.000 mau la kha phé bién. D& cling ¢6 nhan dinh dé, mét tap phat trién Blackbox gém 1.000-
10.000 mau thudng cung cap da di liéu dé tinh chinh siéu tham s& va lua chon gilta cac md hinh, méac
du c6 it bat Igi khi cé nhiéu dit liéu hon. Mét tap phat trién Blackbox véi 100 mau sé nhd nhung van
httu ich.

If you have a small dev set, then you might not have enough data to split into Eyeball and
Blackbox dev sets that are both large enough to serve their purposes. Instead, your entire dev set
might have to be used as the Eyeball dev set—i.e., you would manually examine all the dev set
data.

Néu ban cé mét tap phat trién nho thi ban ¢ thé khéng du dit liéu dé phan chia thanh tap phét trién
Eyeball va tap phat trién Blackbox du 16n dé dap iing muc dich st dung clia chiing. Thay vao dé, toan
bo tap phat trién cla ban c6 thé phai dugc st dung nhu la tap phat trién Eyeball, tic la ban sé ki€m
tra thu cong toan bo tap phat trién.

Between the Eyeball and Blackbox dev sets, I consider the Eyeball dev set more important
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(assuming that you are working on a problem that humans can solve well and that examining the
examples helps you gain insight). If you only have an Eyeball dev set, you can perform error
analyses, model selection and hyperparameter tuning all on that set. The downside of having only
an Eyeball dev set is that the risk of overfitting the dev set is greater.

Gilra tap phat trién Eyeball va tdp phat trién Blackbox, t6i cho rang tap phat trién Eyeball quan trong
hon (gia dinh ban dang giai quyét mot van dé ma con ngudi cé thé giai quyét tét va viéc ki€ém tra
mau gitp ban hi€u ré han). Néu ban chi c6 mét tap phat trién Eyeball, ban ¢ thé thuc hién phan tich
16i, Iya chon mé hinh va tinh chinh siéu tham s6, tat ca trén tap di liéu nay. Nhugc diém cla viéc chi
c6 moét tap phat trién Eyeball 13 nguy co qua khdp trén tap phat trién la I6n hon.

If you have plentiful access to data, then the size of the Eyeball dev set would be determined
mainly by how many examples you have time to manually analyze. For example, I've rarely seen
anyone manually analyze more than 1,000 errors.

Néu ban cé quyén truy cap vao nhiéu di liéu thi kich thudc cla tdp phat trién Eyeball sé chu yéu dua
trén bao nhiéu m3u ma ban c6 thdi gian dé phan tich thi cong. Vi dy, toi hiém khi thdy ai phan tich
th cdng han 1.000 16i.



19. Takeaways: Basic error analysis

19. Piéu can nhé: Phan tich 16i cc ban

® When you start a new project, especially if it is in an area in which you are not an expert, it is
hard to correctly guess the most promising directions.

e Khi ban bat dau mét dy an mdi, dac biét néu ban khéng phai la chuyén gia trong linh vuc do, sé
rat khé dé doan chinh xac nhitng hudng giai quyét trién vong nhat.

e So don't start off trying to design and build the perfect system. Instead build and train a basic
system as quickly as possible -- perhaps in a few days. Then use error analysis to help you
identify the most promising directions and iteratively improve your algorithm from there.

e Vivay dung c6 bat dau véi viéc thiét ké va xdy dung mét hé thédng hoan hao. Thay vao do, hay
xdy dung va huan luyén mét hé théng cg ban mét cach nhanh nhat ¢ thé -- tham chi chi trong
mot vai ngay. Sau do, sit dung phan tich 16i d€ xac dinh nhitng hudng di trién vong va tir dé lap di
lap lai viéc cai thién thuat toan cla ban.

e Carry out error analysis by manually examining ~100 dev set examples the algorithm
misclassifies and counting the major categories of errors. Use this information to prioritize
what types of errors to work on fixing.

e Thuc hién phan tich 16i bang cach ki€ém tra thu cong khoang 100 mau trong tap phat trién ma
thut toan phan loai sai va di€ém qua nhitng hang muc 16i chinh. S& dung théng tin nay dé sap xép
th(r tu uu tién céc loai 16i can khac phuc.

e Consider splitting the dev set into an Eyeball dev set, which you will manually examine, and a
Blackbox dev set, which you will not manually examine. If performance on the Eyeball dev set
is much better than the Blackbox dev set, you have overfit the Eyeball dev set and should
consider acquiring more data for it.

o Xem xét viéc tach tap phat trién thanh mét tap phat trién Eyeball cho viéc kiém tra thi céng, va
mot tap phat trién Blackblox ma ban sé khéng ki€ém tra thi cdng. Néu chét lugng trén tap phat
trién Eyeball t6t hon rat nhiéu so vai trén tap phat trién Blackbox, ban da qua khdp tap phat trién
Eyeball va nén xem xét viéc thu thap thém dir liéu cho tap nay.

e The Eyeball dev set should be big enough so that your algorithm misclassifies enough
examples for you to analyze. A Blackbox dev set of 1,000-10,000 examples is sufficient for
many applications.

e Tap phét trién Eyeball nén du I6n dé s lugng mau ma thuat toan clia ban phén loai sai du cho ban
phan tich. M6t tap phét trién Blackbox khoang 1.000-10.000 mau Ia du cho rat nhiéu nhitng (ing
dung.

e If your dev set is not big enough to split this way, just use the entire dev set as an Eyeball dev
set for manual error analysis, model selection, and hyperparameter tuning.

e NEu tap phat trién cia ban khéng dd I6n dé tach ra theo cach nay, hay lay toan bd tap phat trién
lam mot tap phét trién Eyeball danh cho viéc phan tich 16i thi cong, chon mé hinh, va diéu chinh
siéu tham so.



Part 3: Bias and Variance

Phan 3: D6 chéch va Phuong
sai



20. Bias and Variance: The two big sources of error

20. Do chéch va Phuong sai: Hai nguén I6n cua loi

Suppose your training, dev and test sets all come from the same distribution. Then you should
always try to get more training data, since that can only improve performance, right?

Gia st khi huan luyén, tap phat trién va tap kiém tra c6 cung phan phaéi. Khi d6 ban can luén cé gang
thu thap thém dif liéu huan luyén, vi du sao diéu do cling chi gilp cai thién chat lugng, ding khéng?

Even though having more data can't hurt, unfortunately it doesn't always help as much as you
might hope. It could be a waste of time to work on getting more data. So, how do you decide
when to add data, and when not to bother?

Mac du c6 thém dif liéu khdng gay anh hudng xau, thi that khong may, diéu nay khong phai lic nao
cling mang lai hiéu qua nhiéu nhu mong dgi. Viéc thu thap thém di liéu c6 thé trd nén lang phi thoi
gian. Vay lam thé& nao dé quyét dinh khi nao nén hoac khong nén thém dir liéu?

There are two major sources of error in machine learning: bias and variance. Understanding them
will help you decide whether adding data, as well as other tactics to improve performance, are a
good use of time.

C hai ngudn 16i chinh trong hoc may: dé chéch va phuong sai. Hiéu dugc ching sé giup ban quyét
dinh liéu viéc thém dir liéu hay ap dung cac ky thuat khac dé cai thién chat lugng clia md hinh cé
dang dé bo thai gian ra khéng.

Suppose you hope to build a cat recognizer that has 5% error. Right now, your training set has an
error rate of 15%, and your dev set has an error rate of 16%. In this case, adding training data
probably won't help much. You should focus on other changes. Indeed, adding more examples to
your training set only makes it harder for your algorithm to do well on the training set. (We
explain why in a later chapter.)

Gia st ban hy vong xay dung dugc mét bé nhan dang méo véi 5% 16i. Hién tai, thp huan luyén va tap
phét trién co ti 1é 16i an lugt |a 15% va 16%. Trong trudng hgp nay, viéc thém di liéu c6 thé khéng
gip dudc gi nhiéu. Ban nén tap trung vao cac thay déi khac. Chac chan rang viéc ting s6 mau cho
tap huan luyén chi khién qua trinh huan luyén mo hinh trén tap nay tré nén kho khan hon. (Ly do sé
dudgc gidi thich trong chuang sau.)

If your error rate on the training set is 15% (or 85% accuracy), but your target is 5% error (95%
accuracy), then the first problem to solve is to improve your algorithm's performance on your
training set. Your dev/test set performance is usually worse than your training set performance.
So if you are getting 85% accuracy on the examples your algorithm has seen, there's no way
you're getting 95% accuracy on examples your algorithm hasn't even seen.

Néu ti 1& I16i trén tap hudn luyén la 15% (tlc d6 chinh xac 85%), nhung muc tiéu cta ban 1a 5% 16i (d6
chinh xac 95%), thi van dé trudc tién can giai quyét la cai thién chat lugng thuat toan trén tap huan
luyén. Chat lugng trén tap phat trién/kiém tra thudng thap hon trén tap huan luyén. B&i vay, néu ban
dang c6 dé chinh xac 85% trén cac mau ma thut toan tiing thay, thi khong thé nao dat dugc do
chinh xac 95% cho cac mau ma thuét toan chua thay bao gid.



Suppose as above that your algorithm has 16% error (84% accuracy) on the dev set. We break
the 16% error into two components:

Gia sit nhu trén rang thuat toan cta ban c6 16% 16i (d6 chinh xac 84%) trén tap phat trién. Ching ta
tach 16% 16i nay ra hai thanh phan:

e First, the algorithm’s error rate on the training set. In this example, it is 15%. We think of this
informally as the algorithm'’s bias.

o Thi nhat, ti 1é 16i cGia thuat toan trén tap huan luyén, la 15% trong vi du nay. Ching ta tam coi gia
tri nay nhu dé chéch cua thuat toan.

e Second, how much worse the algorithm does on the dev (or test) set than the training set. In
this example, it does 1% worse on the dev set than the training set. We think of this informally
as the algorithm'’s variance [6]

e Th{ hai, chat lugng cua thuat toan trén tap phat trién (hodc kiém tra) kém han bao nhiéu so vdi
trén tdp huan luyén. Trong vi du nay, thuat toan lam viéc kém hon 1% trén tp phat trién so Vi
tap huan luyén. Ching ta tam coi gia tri nay nhu phu'eng sai cta thuat toan [6].

Some changes to a learning algorithm can address the first component of error -- bias -- and
improve its performance on the training set. Some changes address the second component --
variance -- and help it generalize better from the training set to the dev/test sets [7]. To select
the most promising changes, it is incredibly useful to understand which of these two components
of error is more pressing to address.

Mét s6 thay déi trong thuat toan hoc cé thé giai quyét thanh phan thr nhat cla 16i -- dé chéch -- va
cai thién chat lugng cua nd trén tdp huan luyén. Mot sé thay doi giai quyét thanh phan th hai --
phuaong sai -- va gilp thuat toan téng quat hda tét hon tir tap huan luyén tGi tap phat trién/kiém tra
[7]. Viéc nam dugc thanh phan nao trong hai thanh phan 16i trén |a dang giai quyét han sé rat hitu ich
dé trong viéc chon ra nhitng thay déi tiém nang nhat.

Developing good intuition about Bias and Variance will help you choose effective changes for
your algorithm.

Phat trién truc giac t6t vé D6 chéch va Phuong sai sé gilp ban chon nhiing thay déi hitu hiéu cho
thuat toan.

[6] The field of statistics has more formal definitions of bias and variance that we won't worry
about. Roughly, the bias is the error rate of your algorithm on your training set when you have a
very large training set. The variance is how much worse you do on the test set compared to the
training set in this setting. When your error metric is mean squared error, you can write down
formulas specifying these two quantities, and prove that Total Error = Bias + Variance. But for our
purposes of deciding how to make progress on an ML problem, the more informal definition of
bias and variance given here will suffice.

[6] Nganh théng ké c6 nhitng dinh nghia chinh théng han cho d6 chéch va phuong sai ma & day
ching ta khéng can luu tam. Pai khai, d6 chéch la ti 1& 16i cla thuét toan trén tap hudn luyén khi tap
nay rat I&n. Phuang sai la dé giam chat lugng trén tap ki€ém tra so vdi tap huan luyén trong thiét lap
nay. Khi phép do 16i la sai s6 toan phuong trung binh, ban cé thé viét ra cong thic tinh hai dai lugng
ndy va chiing minh dugc rang Téng L&i = D6 Chéch + Phuang Sai. Nhung v6i muc dich xac dinh 1am



thé nao d€ tao su tién trién trong mét bai toan hoc may, thi dinh nghia it chinh théng hon cta dé
chéch va phuong sai nhu trinh bay & day la da du.

[7] There are also some methods that can simultaneously reduce bias and variance, by making
major changes to the system architecture. But these tend to be harder to identify and implement.

[7] Cling c6 mét vai phuong phap cé thé dong thai giam dé chéch va phuong sai bang cac thay déi
I&n trong kién tric hé théng. Tuy nhién, nhitng phuong phap nay ¢ xu hudng khé phat hién va trién
khai hon.



21. Examples of Bias and
Variance

21. Nhirng vi du vé Do chéch va Phuong sai

Consider our cat classification task. An "ideal" classifier (such as a human) might achieve nearly
perfect performance in this task.

Hay xem xét viéc phan loai meéo clia ching ta. Mét bd phan loai "ly tuéng” (nhu con ngudi) cé thé dat
dugc hiéu suat gan nhu hoan hao cho viéc nay.

Suppose your algorithm performs as follows:
Gia s thuat toan clia ban dat dugc:

e Training error = 1%
® L6i hudn luyén = 1%

e Deverror=11%
o Ldi phat trién = 11%

What problem does it have? Applying the definitions from the previous chapter, we estimate the
bias as 1%, and the variance as 10% (=11%-1%). Thus, it has high variance. The classifier has very
low training error, but it is failing to generalize to the dev set. This is also called overfitting.

Vay van dé gap phai la gi? Ap dung cac dinh nghia tir nhitng chuong trudc, ching ta udc tinh dé
chéch la 1% va phuong sai la 10% (=11%-1%). Do do, thuat toan cé phudng sai cao. Tuy b phan
loai ¢ 16i huan luyén rat thap, nhung né lai khéng khai quat hoa dugc cho tap phét trién. Hién tugng
nay cling dudc goi la qua khép.

Now consider this:

Bay gid hay xem xét truGng hgp sau:
e Training error = 15%

e L6i huan luyén = 15%
e Dev error = 16%

e L6i phat trién = 16%



We estimate the bias as 15%, and variance as 1%. This classifier is fitting the training set poorly
with 15% error, but its error on the dev set is barely higher than the training error. This classifier
therefore has high bias, but low variance. We say that this algorithm is underfitting.

Chung ta udc tinh do chéch la 15% va phuang sai la 1%. BO phan loai nay khdp kém véi tép huan
luyén v&i 15% 16i nhung 16i & tap phat trién chi cao hon mét chit so véi tap huan luyén. Do dé, bd
phan loai nay c6 dé chéch cao nhung phuong sai thap. Ching ta néi thuat toan nay dang duéi khép
(underfit).

Now consider this:

Bay gid hay xem xét truGng hgp sau:
® Training error = 15%

e L6i huan luyén = 15%
e Dev error = 30%

e L6i phat trién = 30%

We estimate the bias as 15%, and variance as 15%. This classifier has high bias and high
variance: It is doing poorly on the training set, and therefore has high bias, and its performance
on the dev set is even worse, so it also has high variance. The overfitting/underfitting terminology
is hard to apply here since the classifier is simultaneously overfitting and underfitting.

Chdng ta udc tinh do chéch la 15% va phuadng sai la 15%. BO phan loai nay c6 d6 chéch cao va
phuang sai cao: N6 hoat dong kém & tap huan luyén, do d6 c6 dd chéch cao, va chat lugng cta nd
trén tap phat trién con té hon, do d6 né ciling c6 phuang sai cao. Thuat nglt qua khép/dudi khdp rat
khé ap dung & day vi bo phan loai dong thai bi qua khdp va dudi khdp.

Finally, consider this:

Cudi cling, hdy xem xét diéu nay:
e Training error = 0.5%

e LAi huan luyén = 0,5%
e Dev error = 1%

e L6i phat trién = 1%

This classifier is doing well, as it has low bias and low variance. Congratulations on achieving this
great performance!

B6 phéan loai nay dang hoat dong t6t vi né cé do chéch thap va phuang sai thap. Chic mung ban da
dat dugc mot hiéu suat tuyét vai!



22. Comparing to the optimal error rate

22. So sanh vdi ti I€ 16i t6i uu

In our cat recognition example, the "ideal" error rate—that is, one achievable by an "optimal"
classifier—is nearly 0%. A human looking at a picture would be able to recognize if it contains a
cat almost all the time; thus, we can hope for a machine that would do just as well.

Trong vi du nhan dang méo clia ching ta, ti 18 16i "ly tudng" -- ti 1é c6 thé dat dugc bdi mét bd phan
loai "t6i uu" -- 1a gan véi 0%. Gan nhu moi lic, mét ngudi nhin vao bdc anh c6 thé nhan ra cé méo
trong dé hay khéng; do dé ching ta c6 thé hy vong may méc cling lam dugc diéu tuong tu.

Other problems are harder. For example, suppose that you are building a speech recognition
system, and find that 14% of the audio clips have so much background noise or are so
unintelligible that even a human cannot recognize what was said. In this case, even the most
"optimal" speech recognition system might have error around 14%.

M6t s6 bai toan khac thi khé hon. Vi du nhu ching ta xay dung mot hé thong nhan dang giong noi va
nhén ra rang 14% cac doan am thanh c6 qua nhiéu nhiéu nén hoac khé hi€u téi mic ngay ca con
ngudi cling khong thé nghe dugc nhitng gi dugc noi. Trong trudng hgp nay, ngay ca hé théng "téi
uu" nhét cling c6 thé ¢6 16i khoang 14%.

Suppose that on this speech recognition problem, your algorithm achieves:
Gia sU rang vdi bai toan nhan dang giong ndi nay, thut toan clia ban dat dugc:
e Training error = 15%
e Loi huan luyén = 15%
e Dev error = 30%
o LOi phat trién = 30%

The training set performance is already close to the optimal error rate of 14%. Thus, there is not
much room for improvement in terms of bias or in terms of training set performance. However,
this algorithm is not generalizing well to the dev set; thus there is ample room for improvement in
the errors due to variance.

Chéat lugng trén tap huan luyén hién da gan vdi ti 1& 16i t6i uu 1a 14%. Do d6, khéng cé nhiéu chd dé
cai thién dé chéch hoac chat lugng trén tap huan luyén. Tuy nhién, thuat toan nay khéng téng quat
ho4 t6t trén tp phat trién; do dé c6 rat nhiéu ché dé cai thién 16i do phuang sai.

This example is similar to the third example from the previous chapter, which also had a training
error of 15% and dev error of 30%. If the optimal error rate is ~0%, then a training error of 15%
leaves much room for improvement. This suggests bias-reducing changes might be fruitful. But if
the optimal error rate is 14%, then the same training set performance tells us that there’s little
room for improvement in the classifier’s bias.

Vi du ndy tudng tu nhu vi du th(r ba trong chuang trudc, cling cé 16i huan luyén 13 15% va 16i phat
trién 13 30%. Néu ti Ié I6i t6i uu la xap xi 0%, thi 15% 16i hudn luyén @€ lai nhiéu kha nang cai thién.
biéu nay ggi y rang nhiing thay déi lam giam dé chéch cé thé mang lai nhiéu két qua. Nhung néu ti lé



16i t6i uu 1a 14%, thi chat lugng tuang tu trén tap hudn luyén cho thay co rat it ca hoi dé cai thién dé
chéch cta bo phan loai.

For problems where the optimal error rate is far from zero, here's a more detailed breakdown of
an algorithm's error. Continuing with our speech recognition example above, the total dev set
error of 30% can be broken down as follows (a similar analysis can be applied to the test set
error):

Vi cac bai toan trong do ti Ié 16i t6i uu I8n han nhiéu miic 0%, thi c6 mot cach phan tich chi tiét han
vé 16i clia thuat toan. Ti€p tuc véi vi du nhan dang giong ndi & trén, 16i téng cdng trén tap phat trién
1a 30% c6 thé dudc chia nhd nhu sau (phén tich tuong tu c6 thé ap dung cho 16i trén tap kiém tra):

e Optimal error rate ("unavoidable bias"): 14%. Suppose we decide that, even with the best
possible speech system in the world, we would still suffer 14% error. We can think of this as
the "unavoidable" part of a learning algorithm's bias.

o Tilé 16i t6i uvu ("dd chéch khéng tranh dugc™): 14%. Gia si ching ra quyét dinh rang, ngay ca
khi dung hé théng nhan dang giong ndi t6t nhat trén thé gidi, thi ta van phai chiu 14% 16i. Ta c6
thé coi 16i d6 1a phan "khéng tranh dugc” trong dé chéch cla thuat toan hoc may.

e Avoidable bias: 1%. This is calculated as the difference between the training error and the
optimal error rate. [8]

* D6 chéch tranh dugc: 1%. Hiéu gilta I6i huan luyén va 16i t6i uu. [8]
e Variance: 15%. The difference between the dev error and the training error.
e Phuong sai: 15%. Hiéu gilta 16i trén tp phat trién va I6i trén tdp huan luyén.
To relate this to our earlier definitions, Bias and Avoidable Bias are related as follows:[9]
Tu nhitng dinh nghia trudc, thi mai lién hé gitta Do chéch va B chéch tranh dugc 1a:[9]
Bias = Optimal error rate ("unavoidable bias") + Avoidable bias
D6 chéch = Ti lé 16i t6i uu ("dd chéch khdng tranh dugc”) + D6 chéch tranh dugc

The "avoidable bias" reflects how much worse your algorithm performs on the training set than
the "optimal classifier."

"D6 chéch tranh dugc" phan anh thuat toan cia ban hoat déng kém haon bao nhiéu so véi "bd phan
loai t&i uu".

The concept of variance remains the same as before. In theory, we can always reduce variance to
nearly zero by training on a massive training set. Thus, all variance is "avoidable" with a sufficiently
large dataset, so there is no such thing as "unavoidable variance".

Khai niém phuang sai van gitt nguyén nhu trudc. Theo ly thuyét, ching ta lubn c6 thé giam phucng
sai vé gan bang khong bang cach huan luyén trén mot tap huan luyén cuc I16n. Do do, tat ca phuong
sai la "tranh dugc” khi tap di liéu da I6n va khong co cai goi la "phuang sai khong tranh dugc”.

Consider one more example, where the optimal error rate is 14%, and we have:
Xem xét thém mét vi du nira, trong dé ti & 16i t8i uu 1a 14%, ta co:

e Training error = 15%



e L6i huan luyén = 15%
e Dev error = 16%
e Ldi phat trién = 16%

Whereas in the previous chapter we called this a high bias classifier, now we would say that error
from avoidable bias is 1%, and the error from variance is about 1%. Thus, the algorithm is already
doing well, with little room for improvement. It is only 2% worse than the optimal error rate.

Trong khi & chuang trudc ching ta goi day la mot bd phan loai c6 dd chéch cao, bay gid ching ta néi
rang 16i tir d6 chéch tranh dugc la 1% va 16i tir phuang sai la khoang 1%. Do d6, thuat toan clia ching
ta da la rat t6t va cé rat it khoang tréng dé cai thién. N6 chi kém didng 2% so vdi ti 1é 16i t6i uu.

We see from these examples that knowing the optimal error rate is helpful for guiding our next
steps. In statistics, the optimal error rate is also called Bayes error rate, or Bayes rate.

TU nhitng vi du ndy ching ta thdy rang ti Ié 16i t8i uu rat hitu ich cho viéc dinh hudng cac budc ti€p
theo. Trong théng ké, ti & 16i t6i uu con dudc goi la ti Ié 16i Bayes hay ti |é Bayes.

How do we know what the optimal error rate is? For tasks that humans are reasonably good at,
such as recognizing pictures or transcribing audio clips, you can ask a human to provide labels
then measure the accuracy of the human labels relative to your training set. This would give an
estimate of the optimal error rate. If you are working on a problem that even humans have a hard
time solving (e.g., predicting what movie to recommend, or what ad to show to a user) it can be
hard to estimate the optimal error rate.

Lam sao chiing ta biét dugc ti Ié 16i t6i uu? V3i nhitng viéc ma con ngudi lam tét, nhu nhan dang anh
hay phién thoai cdc doan &m thanh, ban c6 thé nhd ai d6 gan nhan sau dé do dé chinh xac cta nhing
nhan nay vdi tdp hudn luyén. Diéu ndy sé cung cdp mdt con s6 udc tinh cla ti 1€ 16i t6i uu. Néu ban
lam viéc véi mét bai toan ma ngay ca con ngudi ciling kho gidi (vi du nhu dy doan xem nén ggi 'y bo
phim nao, hay hién quang céo nao trudc ngudi dung), thi cé thé sé kho dé udc tinh dugc ti 1é 16i t6i
uu.

In the section "Comparing to Human-Level Performance (Chapters 33 to 35), I will discuss in more
detail the process of comparing a learning algorithm’s performance to human-level performance.

Trong phan "So sanh vdi chat lugng mic con ngudi (chuong 33 i chuong 35)", t6i sé thdo luan chi
tiét han qua trinh so sanh chat lugng mot thuat toan hoc may vai chat lugng mitc con nguai.

In the last few chapters, you learned how to estimate avoidable/unavoidable bias and variance by
looking at training and dev set error rates. The next chapter will discuss how you can use insights
from such an analysis to prioritize techniques that reduce bias vs. techniques that reduce variance.
There are very different techniques that you should apply depending on whether your project’s
current problem is high (avoidable) bias or high variance. Read on!

Trong mot vai chudng trudc, ban da hoc cach tinh phucng sai va do chéch tranh dudc/khong tranh
dudgc bang cach xem xét ti 1é 16i huan luyén va ti |é 16i phat trién. Chuong ti€p theo sé thao luan vé
cach ban c6 thé sit dung nhiing hi€u biét sdu sac tir phan tich dé dé uu tién cac ky thuat lam giam dé
chéch hodac cac ky thuat lam gidam phuong sai. Co nhiéu ky thuat khac nhau nén ap dung tuy thudc
vao van dé hién tai trong du an clia ban la dé chéch (tranh dugc) cao hay phuong sai cao. Hay doc
tiép!



FOOTNOTE:
CHU THICH:

[8] If this number is negative, you are doing better on the training set than the optimal error rate.
This means you are overfitting on the training set, and the algorithm has over-memorized the
training set. You should focus on variance reduction methods rather than on further bias
reduction methods.

[8] Néu con s8 nay la &m, ban dang lam t6t han & trén tap hudn luyén so vdi ti 1é 16i t6i uu. Diéu nay
c6 nghia la ban dang quéa khdp tap huan luyén va thuat toan da ghi nhé qua muc tap huan luyén. Ban
nén tap trung vao cac phuang phap gidm phuang sai hon la cac phuong phap gidm dé chéch khac.

[9] These definitions are chosen to convey insight on how to improve your learning algorithm.
These definitions are different than how statisticians define Bias and Variance. Technically, what I
define here as "Bias" should be called "Error we attribute to bias"; and "Avoidable bias" should be
"error we attribute to the learning algorithm’s bias that is over the optimal error rate".

[9] Nhitng dinh nghia nay dugc chon dé truyén dat cai nhin sdu sac vé cach cai thién thuat toan hoc
may cta ban. Nhitng dinh nghia nay khéc véi cach cac nha théng ké dinh nghia B chéch va Phuong
sai. V& mat ky thuat, nhitng gi t6i dinh nghia la "D chéch" nén dudc goi la "Lbi chung ta quy cho do
chéch" va "Bo chéch tranh dugc" nén la "Léi chidng ta quy cho dé chéch cla thudt todn hoc ma Idn
han ti 1é 16i t6i uu" .



23. Addressing Bias and Variance

23. Xu ly Bo chéch va Phuaong sai

Here is the simplest formula for addressing bias and variance issues:
Day la cong thiic don gian nhat dé giai quyét cac van dé dé chéch va phuong sai:

¢ If you have high avoidable bias, increase the size of your model (for example, increase the size
of your neural network by adding layers/neurons).

e Néu ban c6 d6 chéch tranh dugc cao, hédy tang kich thuéc mé hinh (vi du: tang kich thudc cla
mang no-ron bang cach thém cac tang/nac-ron).

¢ If you have high variance, add data to your training set.
® NEéu ban c6 phuang sai cao, hdy thém di liéu vao tap huan luyén.

If you are able to increase the neural network size and increase training data without limit, it is
possible to do very well on many learning problems.

Né&u ban cé thé tang kich thuéc cia mang na-ron va dit liéu hudn luyén 1én vé han, thi ban sé c6 kha
nang xU ly rat tot trén nhiéu bai toan hoc may.

In practice, increasing the size of your model will eventually cause you to run into computational
problems because training very large models is slow. You might also exhaust your ability to
acquire more training data. (Even on the internet, there is only a finite number of cat pictures!)

Trong thuc té, viéc tang kich thudc cia mo hinh cudi cung sé khién ban gap phai cac van dé vé tinh
toan bdi vi viéc huan luyén cac mé hinh cuc I8n la rat chdm. Ban cé thé cling sé& lam can kiét kha nang
c6 dudc nhiéu di liéu huan luyén hon. (Ngay ca trén mang internet cing chi c6 mot sé lugng hiru han
hinh anh méo!)

Different model architectures—for example, different neural network architectures—will have
different amounts of bias/variance for your problem. A lot of recent deep learning research has
developed many innovative model architectures. So if you are using neural networks, the
academic literature can be a great source of inspiration. There are also many great open-source
implementations on github. But the results of trying new architectures are less predictable than
the simple formula of increasing the model size and adding data.

Nhirng kién trdc mo hinh khac nhau -- vi dy, cac kién trdc mang ng-ron khac nhau -- sé c6 cac muc
dé chéch/phuong sai khac nhau cho véan dé cta ban. Nhitng nghién cru gan day vé hoc sau da phat
trién nhiéu kién tric mo hinh dét pha. Vi vay, néu ban dang sit dung mang nc-ron, nhing tai liéu hoc
thuat cé thé la mét ngudn cam hiing tuyét vai. Ngoai ra con c6 rat nhiéu cai dat ma nguén mé tuyét
vai trén GitHub. Nhung két qua cua viéc thir nghiém cac kién tric mai khé dy doan han so véi cong
thirc dan gian cla viéc tang kich thugc mo hinh va thém di liéu.

Increasing the model size generally reduces bias, but it might also increase variance and the risk
of overfitting. However, this overfitting problem usually arises only when you are not using
regularization. If you include a well-designed regularization method, then you can usually safely
increase the size of the model without increasing overfitting.



Nhin chung, viéc tang kich thuéc mé hinh Iam giam dé chéch, nhung né cling cé thé lam tang phuong
sai va tang nguy cd qua khdp. Tuy nhién, van dé qua khdp nay thudng chi phat sinh khi ban khong s
dung diéu chuan (regularization). Néu ban thém vao mét phuong phap diéu chuan dugc thiét ké tét,
thi ban thudng c6 thé tang kich thuéc méd hinh mét cach an toan ma khéng ting quéa khép.

Suppose you are applying deep learning, with L2 regularization or dropout, with the
regularization parameter that performs best on the dev set. If you increase the model size, usually
your performance will stay the same or improve; it is unlikely to worsen significantly. The only
reason to avoid using a bigger model is the increased computational cost.

Gia st ban dang ap dung hoc sau, vdi diéu chuan L2 hodc dropout, véi tham sé diéu chuan hoat déng
tot nhat tap phat trién. Néu ban tang kich thudc mé hinh, thudng thi chat lugng ciia mé hinh sé gitr
nguyén hodac cai thién; n6 thudng khéng c6 kha nang xau di dang ké. Ly do duy nhat clia viéc tranh sur
dung mét mo6 hinh 16n han la phan chi phi tinh toan tang thém.



24. Bias vs. Variance tradeoff

24. Panh doi giira D6 chéch va Phuong sai

You might have heard of the "Bias vs. Variance tradeoff." Of the changes you could make to most
learning algorithms, there are some that reduce bias errors but at the cost of increasing variance,
and vice versa. This creates a "trade off" between bias and variance.

Ban cd thé da nghe vé "su danh daéi gilta D6 chéch va Phuong sai". Trong cac thay doi kha di déi vdi
hau hét cac thuat toan hoc, c6 mét s6 phuong phap gitp giam sai s6 dé chéch nhung vdi phai tra gia
bang viéc tang phuang sai va ngugc lai. Déy la sy "danh déi" gitta dé chéch va phuong sai.

For example, increasing the size of your model -- adding neurons/layers in a neural network, or
adding input features -- generally reduces bias but could increase variance. Alternatively, adding
regularization generally increases bias but reduces variance.

Vi du viéc tang kich thudc mo hinh -- nhu thém cac ng-ron/tang trong mang nc-ron hodc thém cac
dau vao dac trung -- nhin chung sé giam dé chéch nhung cé thé lam tang phuong sai. Ngoai ra, viéc
thém diéu chuan thudng lam tang dé chéch nhung giam phuong sai.

In the modern era, we often have access to plentiful data and can use very large neural networks
(deep learning). Therefore, there is less of a tradeoff, and there are now more options for
reducing bias without hurting variance, and vice versa.

Ngay nay, ching ta cé thé truy cap vao ngudn dit liéu phong pht va co6 thé sit dung cac mang no-ron
rat Idn (trong hoc siu). Vi thé ma ta it phai danh déi hon. Hién cé nhiéu lua chon hon dé giam dé
chéch ma khéng lam anh hudng phuacng sai va ngudc lai.

For example, you can usually increase a neural network size and tune the regularization method
to reduce bias without noticeably increasing variance. By adding training data, you can also
usually reduce variance without affecting bias.

Vi dy, ban thudng c6 thé tang kich thudc mang no-ron va diéu chinh phuong thiic diéu chuan dé
gidam dd chéch ma khéng lam ting dang ké phuong sai. Bang cach thém di liéu huén luyén, ban cling
thudng co thé giam phuong sai ma khéng anh hudng dén dé chéch.

If you select a model architecture that is well suited for your task, you might also reduce bias and
variance simultaneously. Selecting such an architecture can be difficult.

Néu ban chon mét kién tric mé hinh ph hgp véi tac vu ciia minh, ban ciing c6 thé giam dong thaoi
dé chéch va phuong sai. Tuy nhién sé rat khé dé tim ra mot kién tric nhu vay.

In the next few chapters, we discuss additional specific techniques for addressing bias and
variance.

Trong mét vai chuong tdi, chiing ta sé thao luan thém vé cac ky thut cu thé dé giai quyét cac van de
lién quan t&i dé chéch va phuong sai.



25. Techniques for reducing avoidable bias

25. Ky thuat giam ddé chéch cé thé tranh dudgc

If your learning algorithm suffers from high avoidable bias, you might try the following
techniques:

Néu thuat toan hoc gap van dé véi dé chéch cé thé tranh dugc 16n, ban cé thé thir nhiing ky thuat sau:

¢ Increase the model size (such as number of neurons/layers): This technique reduces bias,
since it should allow you to fit the training set better. If you find that this increases variance,
then use regularization, which will usually eliminate the increase in variance.

¢ Tang kich thuéc mé hinh (vi du nhu sé lugng no-ron/tang): Ki thuat nay gilp giam do chéch vi
n6 cho phép khdp (fit) tap huan luyén tot hon. Néu thay viéc nay lam tang phuong sai, ban hay
dung diéu chuan (regularization) -- thudng dung dé giam trir viéc ting phuong sai.

e Modify input features based on insights from error analysis: Say your error analysis
inspires you to create additional features that help the algorithm eliminate a particular
category of errors. (We discuss this further in the next chapter.) These new features could help
with both bias and variance. In theory, adding more features could increase the variance; but if
you find this to be the case, then use regularization, which will usually eliminate the increase in
variance.

¢ Thay dai cac dic trung dau vao dua trén nhirng nhan dinh tir phan tich loi: Gia st viéc phan
tich 16i ggi y rang nén tao thém cac dac trung bé sung nham gitp thut toan loai bd mét nhém
cac 16i dac thu. (Chang ta s& ban van dé nay chi tiét hon & chuong sau.) Nhitng dac trung mai nay
c6 thé hiéu qua vai ca do chéch va phuang sai. Theo ly thuyét, thém dac trung cé thé lam tang
phuang sai; tuy nhién néu thdy dung 1a phuaong sai bi tang, thi ban hdy dung diéu chuan -- thudng
dung dé loai bo viéc ting phuong sai.

e Reduce or eliminate regularization (L2 regularization, L1 regularization, dropout): This will
reduce avoidable bias, but increase variance.

e Giam hoic loai bé diéu chuan (diéu chuan L2, diéu chuan L1, dropout): Viéc nay sé& lam giam do
chéch c6 thé tranh dudc, nhung sé déng thai lam tang phuong sai.

¢ Modify model architecture (such as neural network architecture) so that it is more suitable
for your problem: This technique can affect both bias and variance.

¢ Thay dai kién tric mé hinh (vi du nhu kién tric mang no-ron) dé phu hgp hon véi bai toan cla
ban. Luu y rang, ky thuat nay c6 thé tac déng dén ca dé chéch va phuang sai.

One method that is not helpful:
Mét phucng phap khong hitu ich:

¢ Add more training data: This technique helps with variance problems, but it usually has no
significant effect on bias.

e Thém dir liéu huan luyén: Ky thuat nay hdu ich véi cac van dé vé phuang sai nhung thudng
khong co tac déng dang ké dén doé chéch.



26. Error analysis on the training set

26. Phan tich 1oi trén tap huan luyén

Your algorithm must perform well on the training set before you can expect it to perform well on
the dev/test sets.

Thuét toan cla ban phai hoat ddng tét trén tap huén luyén trudc khi ban c6 thé mong dgi né hoat
déng t6t trén tap phat trién/kiém tra.

In addition to the techniques described earlier to address high bias, I sometimes also carry out an
error analysis on the training data, following a protocol similar to error analysis on the Eyeball dev
set. This can be useful if your algorithm has high bias -- i.e., if it is not fitting the training set well.

Ngoai cac ky thuat giai quyét do chéch cao dugc mo ta trudc day, doi khi toi cling thuc hién phan tich
16i trén dir liéu hudn luyén, theo mét quéa trinh tuang tu nhu phan tich 16i trén tap phat trién Eyeball.
Diéu nay cé thé hitu ich néu thuat toan clia ban c6 dé chéch cao, vi du nhu néu né khéng khdp tét vdi
tap huan luyén.

For example, suppose you are building a speech recognition system for an app and have
collected a training set of audio clips from volunteers. If your system is not doing well on the
training set, you might consider listening to a set of ~100 examples that the algorithm is doing
poorly on to understand the major categories of training set errors. Similar to the dev set error
analysis, you can count the errors in different categories:

Vi du: gid st ban dang xay dung mot hé théng nhan dang giong ndi cho mét iing dung nao do va da
thu thap mét tap huan luyén gém nhiéu doan am thanh tur cac tinh nguyén vién. Néu hé théng khong
hoat dong t6t trén tdp huan luyén, ban c6 thé xem xét viéc nghe thir mét bé khoang 100 mau ma
thuat toan hoat déng kém dé hiéu cac hang muc 16i chinh trén tap huan luyén. Tuang tu nhu phan
tich 16i trén tap phat trién, ban c6 thé dém cac 16i theo cac hang muc nhu sau:

Poan am  Nhiéu nén Poan néi Mic 6 e v A
. Chi tiet thém
thanh I6n nhanh Xa
1 v Tiéng 6n xe hai
2 v v Tiéng 6n nha hang
3 v v Ngudi dung la ,hét khap phong
khach?
4 v Quaén ca phé
% téng 75% 25% 50%

In this example, you might realize that your algorithm is having a particularly hard time with
training examples that have a lot of background noise. Thus, you might focus on techniques that
allow it to better fit training examples with background noise.

Trong vi du nay, ban c6 thé nhan ra rang thuat toan dang gap kho khan véi cac mau huan luyén cé
nhiéu nhiéu nén. Do do, ban c6 thé tap trung vao cac ky thuat cho phép thuét toan khdp han véi cac
mau hudn luyén cé nhiéu nén.



You might also double-check whether it is possible for a person to transcribe these audio clips,
given the same input audio as your learning algorithm. If there is so much background noise that
it is simply impossible for anyone to make out what was said, then it might be unreasonable to
expect any algorithm to correctly recognize such utterances. We will discuss the benefits of
comparing your algorithm to human-level performance in a later section.

Ban ciing c6 thé kiém tra ky xem, liéu mét ngudi co thé dién dich vdi cung cac doan dm thanh dau
vao cho thuét toan hoc hay khong. N&u c6 qua nhiéu nhiéu nén, nhiéu dén ndi khdng ai cé thé nghe
ra nhitng gi dugc noi, thi c6 thé khéng hap ly khi hy vong bat ky thuit toan nao c6 thé nhan ra chinh
xac nhitng phat ngon dé. Chang ta sé thao luan vé Igi ich cla viéc so sanh thuat toan véi chat lugng
mUc con ngudi trong phan sau.



27. Techniques for reducing variance

27. Cac ky thuat giam phuaong sai
If your learning algorithm suffers from high variance, you might try the following techniques:

Néu nhu thuat toan c6 phuong sai I6n, ban cé thé thir cac ky thuét sau:

¢ Add more training data: This is the simplest and most reliable way to address variance, so
long as you have access to significantly more data and enough computational power to
process the data.

e Thém dir liéu huan luyén: Day la cach dan gian va dang tin cy nhat dé€ gidam phuang sai, mién 1a
ban cé thé 13y dir liéu nhiéu hon dang ké va di nang luc tinh toan dé xu ly dir liéu.

e Add regularization (L2 regularization, L1 regularization, dropout): This technique reduces
variance but increases bias.

e Thém diéu chuan (diéu chuan L2, diéu chuan L1, dropout): Ky thudt nay lam giam phuong sai
nhung cling lam tang d6 chéch.

¢ Add early stopping (i.e., stop gradient descent early, based on dev set error): This technique
reduces variance but increases bias. Early stopping behaves a lot like regularization methods,
and some authors call it a regularization technique.

e Thém ky thuat dirng sém (nghia 13 diing sém qua trinh ha gradient, dua vao 16i trén tap phat
trién): Ky thuat nay gilp giam phuong sai nhung lam tang dé chéch. Ky thuat ditng s6m hoat
doéng rat giéng cac phuong phap diéu chuan va mét sé tac gia cling coi né la mét kj thuat diéu
chuan.

e Feature selection to decrease number/type of input features: This technique might help
with variance problems, but it might also increase bias. Reducing the number of features
slightly (say going from 1,000 features to 900) is unlikely to have a huge effect on bias.
Reducing it significantly (say going from 1,000 features to 100—a 10x reduction) is more likely
to have a significant effect, so long as you are not excluding too many useful features. In
modern deep learning, when data is plentiful, there has been a shift away from feature
selection, and we are now more likely to give all the features we have to the algorithm and let
the algorithm sort out which ones to use based on the data. But when your training set is
small, feature selection can be very useful.

e Chon dic trung dé giam sé lugng/kiéu dac trung dau vao: Ki thuat nay c6 thé gilp giai quyét
cac van dé vé phuong sai, nhung né ciing cé thé lam tang dé chéch. Viéc giam mét it s6 lugng cac
dac trung (gid s tur 1.000 xuéng 900 dac trung) dudng nhu khong cé anh hudng I16n dén dé
chéch. Viéc giam dang ké s dac trung (gia su tir 1.000 xudng con 100 dac trung, hay giam 10 lan)
nhiéu kha nang mang lai tdc dung dang k& mién la ban khdng loai trir qua nhiéu cac dac trung
hitu ich. Trong hoc sdu hién dai, khi di liéu déi dao, da co nhing thay déi tir viéc lua chon dac
trung. Gig day, hau nhu ching ta ding tat ca cac dac trung hién co cho thuét toan va dé nd tu
chon ra nhitng dac trung sé st dung dua trén chinh tap di liéu dé. Nhung khi tap huan luyén nhd,
k§ thuat Iua chon dac trung van cé thé rat hitu ich.



e Decrease the model size (such as number of neurons/layers): Use with caution. This
technique could decrease variance, while possibly increasing bias. However, I don't
recommend this technique for addressing variance. Adding regularization usually gives better
classification performance. The advantage of reducing the model size is reducing your
computational cost and thus speeding up how quickly you can train models. If speeding up
model training is useful, then by all means consider decreasing the model size. But if your goal
is to reduce variance, and you are not concerned about the computational cost, consider
adding regularization instead.

¢ Giam kich thuéc mé hinh (chang han nhu s6 lugng na-ron/tang): St dung mét cdch thén trong.
Ky thuat nay co thé Iam gidm phuaong sai, trong khi c6 thé lam tang d6 chéch. Tuy nhién, toi
khong khuyén khich sir dung kj thuét nay dé giam phuong sai. Thém diéu chuan thudng cho chat
lugng phan loai t&t hon. Uu diém clia viéc giam kich thudc mé hinh la gidam chi phi tinh toan va do
dé tang toc do huan luyén mo hinh. Néu viéc tang téc d6 huédn luyén mo hinh 1a hitu ich, thi hay
xem xét viéc giam kich thudc mé hinh bang moi cach. Nhung néu muyc tiéu la giam phuong sai va
ban khéng quan tdm dén chi phi tinh toan, thi thay vao dé ban hay xem xét viéc thém diéu chuan.

Here are two additional tactics, repeated from the previous chapter on addressing bias:
Dudi day la hai chién thuat bé sung, dugc 1ap lai tir chuang trudc vé giai quyét do chéch:

¢ Modify input features based on insights from error analysis: Say your error analysis
inspires you to create additional features that help the algorithm to eliminate a particular
category of errors. These new features could help with both bias and variance. In theory,
adding more features could increase the variance; but if you find this to be the case, then use
regularization, which will usually eliminate the increase in variance.

¢ Thay dai cac dic trung dau vao dua trén nhan dinh tir phan tich 16i: Gia s viéc phan tich 16i
gdi y rang nén tao thém céc dac trung bé sung nham gidp thuat toan loai bdé mét nhom cac 16i
dac thu. Nhitng dac trung méi nay cé thé hiéu qua véi ca dé chéch va phuong sai. Theo ly thuyét,
thém dac trung cé thé lam tang phuong sai; nhung néu ban thdy ding la phuong sai bi tang, thi
hay st dung diéu chuén -- thudng ding dé giam trur viéc tang phuang sai.

e Modify model architecture (such as neural network architecture) so that it is more suitable
for your problem: This technique can affect both bias and variance.

¢ Thay dai kién triic mé hinh (vi du nhu kién tric mang no-ron) dé phu hgp hon véi bai toan cla
ban: K§ thuat nay cd thé tac dong dén ca do léch va phuong sai.



Part 4: Learning curves

Phan 4: D6 thi qua trinh hoc



28. Diagnosing bias and variance: Learning curves

28. Chan doan d6 chéch va phuong sai: P6 thi qua trinh
hoc

We've seen some ways to estimate how much error can be attributed to avoidable bias vs.
variance. We did so by estimating the optimal error rate and computing the algorithm’s training
set and dev set errors. Let's discuss a technique that is even more informative: plotting a learning
curve.

Chiling ta d3 xem qua mot s cach udc tinh s6 lugng 16i tao ra bdi d6 chéch tranh dugc so véi phuong
sai. Mot trong s6 dé la udc lugng ti 1é 16i t6i uu va tinh toan 16i cia thuat toan trén tap huan luyén va
tap phat trién. Hay cling thao luan moét ky thuat khac tham chi con mang lai nhiéu théng tin han: biéu
dién mét do thi qua trinh hoc.

A learning curve plots your dev set error against the number of training examples. To plot it, you
would run your algorithm using different training set sizes. For example, if you have 1,000
examples, you might train separate copies of the algorithm on 100, 200, 300, ..., 1000 examples.
Then you could plot how dev set error varies with the training set size. Here is an example:

Mét do thi qua trinh hoc cho thay su tuong quan gilta 16i cua tap phat trién so véi s6 lugng cac mau
huédn luyén. D€ bi€u dién no, ban can ap dung thuat toan clia ban véi cac tap huan luyén c6 dé 16n
khac nhau. Vi dy, néu ban c¢6 1.000 mau, ban cé thé huén luyén riéng biét cac ban sao clia thuat toan
trén cac tap 100, 200, 300, .., 1.000 ma3u. Sau d6 ban c6 thé biéu dién su thay déi gilra 16i cla tap
phat trién so vai d6 16n cua tp huan luyén. Dudi day la mot vi du:

— LSi tap phat trién

»
m (kich thwéc tap huan luyén)

As the training set size increases, the dev set error should decrease.

Khi kich thudc tap huan luyén tang, I6i cla tap phat trién nén giam.
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We will often have some "desired error rate" that we hope our learning algorithm will eventually
achieve. For example:

Chiling ta thudng sé c6 mét s "ti 1é 16i mong mudn' ma ching ta hy vong thuét toan ctia minh cudi
cung sé dat dugc. Vi du:

e If we hope for human-level performance, then the human error rate could be the "desired
error rate."

e NéEu ching ta hy vong dat dugc chat lugng & cap dé con ngudi, thi ty 1é 16i clia con ngudi la "ti |é
|6i mong muén".

e If our learning algorithm serves some product (such as delivering cat pictures), we might have
an intuition about what level of performance is needed to give users a great experience.

o Néu thuat todn hoc clia ching ta dugc dung trong mét san pham nao dé (vi du nhu cung cép anh
meéo), ching ta c6 thé c6 mét truc gidc vé mic chat lugng can thiét dé ngudi dung c6 dudc trai
nghiém tét nhat.

¢ If you have worked on a important application for a long time, then you might have intuition
about how much more progress you can reasonably make in the next quarter/year

e Néu ban da lam viéc trén mét (ng dung quan trong trong thai gian dai, thi ban sé cé truc giac vé
muic cai thién hgp ly cé thé dat dugc trong quy/nam téi.

Add the desired level of performance to your learning curve:

Thém muc chat lugng mong muén vao do thi qua trinh hoc cua ban:

| L6i tap phat trién

------------------------------------------- Chat lvgng mong mudn

4
m (kich thwéc tap huan luyén)

You can visually extrapolate the red "dev error" curve to guess how much closer you could get to
the desired level of performance by adding more data. In the example above, it looks plausible
that doubling the training set size might allow you to reach the desired performance.

Ban c6 thé ngoai suy dudng cong "I6i tap phét trién" (mau dé) dé udc tinh miic d6 cai thién c6 thé
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dat dugc so vGi mic chat lugng mong muén bang cach thém di liéu vao. Vi du trén cho thay ban cé
thé dat dugc mdrc chat lugng mong muén bang cach tang gap doi dé 16n tap huan luyén.

But if the dev error curve has "plateaued" (i.e. flattened out), then you can immediately tell that
adding more data won't get you to your goal:

Tuy nhién néu dudng cong 16i tAp phat trién da "ndm ngang" (phang), thi ban c6 thé hiéu ngay lap
tlc rang viéc thém vao di liéu cling sé khéng gilp ban dat dugc muc tiéu:

L6i tap phat trién

------------------------------------------- Chat lugng mong mudn

>

m (kich thwéc tap huan luyén)

Looking at the learning curve might therefore help you avoid spending months collecting twice as
much training data, only to realize it does not help.

Do dd nhin vao doé thi dudng cong hoc tap c6 thé gilip ban tranh khoi viéc danh hang thang trai thu
thap mét lugng di liéu I6n gap doi, chi dé nhan ra rang diéu dé la vé ich.

One downside of this process is that if you only look at the dev error curve, it can be hard to
extrapolate and predict exactly where the red curve will go if you had more data. There is one
additional plot that can help you estimate the impact of adding more data: the training error.

Mét nhugc diém clia qua trinh nay 13 néu ban chi nhin vao dudng cong 16i cta tap phat trién, thi cd
thé ban sé kho ngoai suy va du doan chinh xac vi tri dudng cong dé khi co thém dit liéu. Mét d6 thi
khac c6 thé gilp ban du doan sy tac dong cua viéc thém di liéu dé 1a: do thi 16i tAp huan luyén.
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29. Plotting training error

29. Vé do thi sai s6 huan luyén

Your dev set (and test set) error should decrease as the training set size grows. But your training
set error usually increases as the training set size grows.

Sai s6 tap phat trién (va tap ki€ém tra) thudng giam khi kich thudc tap huan luyén tang lén. Nhung sai
sO tap huan luyén lai thudng xuyén tdng khi kich thudc tap huan luyén tang.

Let's illustrate this effect with an example. Suppose your training set has only 2 examples: One cat
image and one non-cat image. Then it is easy for the learning algorithms to "memorize" both
examples in the training set, and get 0% training set error. Even if either or both of the training
examples were mislabeled, it is still easy for the algorithm to memorize both labels.

Chang ta hdy mé ta anh hudng nay bang moét vi du. Gia su tap huan luyén chi gém 2 mau: Mét anh
méo va mét anh khéng phai méo. Khi dé thuat toan hoc may cé thé dé dang ghi nhé ca 2 mau trong
tap huan luyén, va cho 0% sai s6 huan luyén. ThAm chi néu ca 2 mau huan luyén bi gan nhan sai, thuat
toan van ghi nhé dé dang ca 2 nhan.

Now suppose your training set has 100 examples. Perhaps even a few examples are mislabeled,
or ambiguous—some images are very blurry, so even humans cannot tell if there is a cat. Perhaps
the learning algorithm can still "memorize" most or all of the training set, but it is now harder to
obtain 100% accuracy. By increasing the training set from 2 to 100 examples, you will find that the
training set accuracy will drop slightly.

Bay gid gia dinh tap huan luyén c6 100 mau. M6t vai mau tham chi bi gan nhan sai, hoac mét vai hinh
anh thi khéng rd rang do bi md, nén ngay ca con ngudi ciing khéng thé khang dinh d6 1a mét chd
méo. Co |& thuat toan hoc van c6 thé "ghi nhd" dugc hau hét tap huan luyén, nhung né khd ma dat
dugc 100% d6 chinh xac vao luc nay. Bang cach gia tang tap huan luyén tir 2 [én 100 mau, ban sé
nhan ra rang dé chinh xac cua tap huan luyén sé giam mot it.

Finally, suppose your training set has 10,000 examples. In this case, it becomes even harder for
the algorithm to perfectly fit all 10,000 examples, especially if some are ambiguous or mislabeled.
Thus, your learning algorithm will do even worse on this training set.

Cu6i cling, gia s tap huan luyén c6 10.000 mau. Trong trudng hap nay, sé khd han cho thuét toan
khdp hoan hao 10.000 mau, dic biét 1a néu c6 mot vai mau khdng ré rang hoic bi gan sai nhan. Do
dé, trén tap huan luyén thuat toan cla ban sé hoat déng cang kém han truéc.

Let's add a plot of training error to our earlier figures:

Ching ta hay thém mét dé thi sai s6 huan luyén vao cac hinh trudc doé:



- L6i tap phat trién

-------------------------------------- Chat lvgng mong mudn

LSi tap huan luyén

>

m (kich thuwéc tap huan luyén)

You can see that the blue "training error" curve increases with the size of the training set.
Furthermore, your algorithm usually does better on the training set than on the dev set; thus the
red dev error curve usually lies strictly above the blue training error curve.

Ban co thé thay rang dé thi "sai s6 huan luyén" (mau xanh lam) ting theo kich thudc cta tap huan
luyén. Thém nira, thut toan cla ban thudng hoat dong tét trén tap huan luyén hon la tdp phéat trién;
do dé db thj sai s6 tap phat trién (mau dd) hoan toan nam trén db thi sai s& huan luyén.

Let's discuss next how to interpret these plots.

Tiép theo ching ta sé& thao luan lam thé nao dé dién giai nhitng do thi nay.
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30. Interpreting learning curves: High bias

30. Dien giai d6 thi qua trinh hoc: D6 chéch cao
Suppose your dev error curve looks like this:

Gia st dudng cong sai s6 trén tap phat trién cé dang nhu sau:

L&i tap phat trién

------------------------------------------- Chéat lwvgng mong mudn

4
m (kich thwéc tap huan luyén)

We previously said that, if your dev error curve plateaus, you are unlikely to achieve the desired
performance just by adding data.

Nhu da thao ludn, néu dudng cong sai s6 trén tap phat trién da nam ngang, viéc chi thém dit liéu sé
kho6 cé thé dem vé hiéu suat ta mong mudn.

But it is hard to know exactly what an extrapolation of the red dev error curve will look like. If the
dev set was small, you would be even less certain because the curves could be noisy.

Tuy nhién, sé that kho dé ngoai suy chinh xac dudng cong sai s6 trén tap phat trién (mau do) sé trong
nhu thé nao. Trong trudng hgp tap phat trién nho, viéc du doan chinh xac sé cang trg nén kho khan
bai khi d6 dudng cong nay sé cé kha nang bi nhiéu.

Suppose we add the training error curve to this plot and get the following:

Gia sur ching ta thém dudng cong sai s6 tap hudn luyén vao biéu dé nhu hinh duéi:
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LSi tap phat trién

LSi tap huan luyén

Chéat lvgng mong mudn

>
m (kich thwéc tap huan luyén)

Now, you can be absolutely sure that adding more data will not, by itself, be sufficient. Why is
that? Remember our two observations:

Ldc nay, ban c6 thé hoan toan chac chan viéc chi thém di liéu la khéng du. Tai sao vay? Hay nhd hai
nhan dinh sau:

e As we add more training data, training error can only get worse. Thus, the blue training error
curve can only stay the same or go higher, and thus it can only get further away from the
(green line) level of desired performance.

Khi chling ta thém dir liéu huan luyén, sai s6 huan luyén chi c6 thé tang 1én. Vi vay, dudng cong chi sai
s8 huan luyén (mau xanh lam) chi c6 thé gilt nguyén hoac hudng cao Ién. B&i vy, dudng cong do chi
6 thé cach xa hon hiéu suat mong dgi (mau xanh luc).

e The red dev error curve is usually higher than the blue training error. Thus, there’s almost no
way that adding more data would allow the red dev error curve to drop down to the desired
level of performance when even the training error is higher than the desired level of
performance.

Pudng cong sai s6 tap phat trién (mau do) thudng cao han so véi dudng cong sai s6 tap huan luyén
(mau xanh lam). Vi vay, viéc ldy thém dir liéu khong thé nao gidm dudng cong sai s6 tap phat trién
xuéng muc hiéu suadt mong mudn khi ngay ca sai s6 trén tap huan luyén van con I6n hon mic dé.

Examining both the dev error curve and the training error curve on the same plot allows us to
more confidently extrapolate the dev error curve.

Pénh gia ca dudng cong sai s6 tap phat trién 1an dudng cong sai s6 tap huan luyén trén ciing mét
biéu d6 gitp nhitng ngoai suy vé dudng cong sai sd tap phat trién c dé tin cdy cao hon.

Suppose, for the sake of discussion, that the desired performance is our estimate of the optimal
error rate. The figure above is then the standard "textbook" example of what a learning curve
with high avoidable bias looks like: At the largest training set size -- presumably corresponding to
all the training data we have -- there is a large gap between the training error and the desired
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performance, indicating large avoidable bias. Furthermore, the gap between the training and dev
curves is small, indicating small variance.

D€ dé thao ludn, gia su hiéu sudt mong muén chinh la udc lugng cua ti 1é 16i t6i uu. Do thi trén trd
thanh vi du chuan "sach gido khoa" vé& hinh dang ciia mét do thi qua trinh hoc véi @6 chéch c6 thé
tranh I8n: Khi tap huan luyén co kich ¢& I6n nhat -- tuang Ung véi tat ca dir liéu trong tap huan luyén -
c6 mot khodng cach 16n gilta sai s6 huan luyén va hiéu suat mong muén. Bay chinh la dau hiéu cla
dd chéch co thé tranh I6n. Ngudc lai, luc ndy, khodng cach nhé gitta dudng cong clia tdp huan luyén
va dudng cong cua tap phat trién tucng (ng véi phucng sai nho.

Previously, we were measuring training and dev set error only at the rightmost point of this plot,
which corresponds to using all the available training data. Plotting the full learning curve gives us
a more comprehensive picture of the algorithms’ performance on different training set sizes.

Trudc kia, ching ta chi do sai s6 tdp huan luyén va sai s6 tap phat trién tai diém ngoai cling bén phai
clia d6 thi, tuang Ung vdi viéc st dung tat ca dir liéu trong tap huan luyén. Biéu dién day du do thi
qua trinh hoc sé& cho ching ta mét bl tranh téng thé hon vé chat lugng clia nhitng thuat toan trén
céc kich ¢ tap huan luyén khac nhau.



31. Interpreting learning curves: Other cases

31. Giai nghia cac do thi qua trinh hoc: Nhirng truéng hgp
khac

Consider this learning curve:

Hay xem xét do thi qua trinh hoc nay:

L6i tap phat trién

------------ Chéat lvong mong mudn
LSi tap huan luyén

4
m (kich thwéc tap huan luyén)

Does this plot indicate high bias, high variance, or both?
D6 thi nay thé hién dé chéch I8n, phuaong sai I6n hay ca hai?

The blue training error curve is relatively low, and the red dev error curve is much higher than the
blue training error. Thus, the bias is small, but the variance is large. Adding more training data will
probably help close the gap between dev error and training error.

Pudng cong 16i huan luyén (mau xanh lam) tuong déi thap va dudng cong 16i phét trién (mau dd) cao
haon nhiéu so vdi 16i huan luyén. Do dé, do chéch nhé, nhung phuong sai I6n. Thém di liéu huan
luyén cé thé gilp thu hep khoang céch gilta 16 phat trién va 16i huan luyén.

Now, consider this:

Bay gid, hay xem xét do thi nay:
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LGi tap phat trién
LSi tap huan luyén

Chéat lvgng mong mudn

>
m (kich thwéc tap huan luyén)

This time, the training error is large, as it is much higher than the desired level of performance.
The dev error is also much larger than the training error. Thus, you have significant bias and

significant variance. You will have to find a way to reduce both bias and variance in your
algorithm.

Lan nay, 16i huan luyén I8n, vi n6 cao han nhiéu so véi mic chat lugng mong muén. Léi phét trién
cling 16n hon nhiéu so véi 16i hudn luyén. Vi vay, ban cé dé chéch dang ké va phuong sai cling dang
ké. Ban sé& phai tim cach gidam ca dd chéch va phuong sai trong thuét toan ctia minh.
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32. Plotting learning curves

32. Vé d6 thi qua trinh hoc

Suppose you have a very small training set of 100 examples. You train your algorithm using a
randomly chosen subset of 10 examples, then 20 examples, then 30, up to 100, increasing the
number of examples by intervals of ten. You then use these 10 data points to plot your learning
curve. You might find that the curve looks slightly noisy (meaning that the values are higher/lower
than expected) at the smaller training set sizes.

Gia st ban c6 mot tdp huan luyén rat nhd géom 100 mau. Ban huan luyén thuat toan clia minh bang
cach sir dung mét tap hop con dugc chon ngau nhién gém 10 mau, sau d6 20 mau, sau dé 30, lén
dén 100, ting s6 lugng mau theo cac khodng mudi. Sau dé, ban sir dung 10 diém dir liéu nay dé vé
do thi qua trinh hoc. Ban c6 thé thay rang db thi trong hai nhiéu (cé nghia la cac gia tri cao hon/thap
hon dy kién) & kich thudc tap huan luyén nhé haon.

When training on just 10 randomly chosen examples, you might be unlucky and have a
particularly "bad" training set, such as one with many ambiguous/mislabeled examples. Or, you
might get lucky and get a particularly "good" training set. Having a small training set means that
the dev and training errors may randomly fluctuate.

Khi huan luyén chi véi 10 mau dugc chon ngau nhién, ban c6 thé khéng may man va c6 mét tap huan
luyén dac biét "xau", chang han nhu mét tap cé nhiéu mau khéng rd rang/bi gan nhan sai. Hoac, ban
c6 thé gap may man va nhan dugc mét tap hudn luyén dac biét "tét". C6 mét tdp huan luyén nho
ddng nghia vdi |6i trén tap phat trién va tap hudn luyén c6 thé dao déng ngau nhién.

If your machine learning application is heavily skewed toward one class (such as a cat classification
task where the fraction of negative examples is much larger than positive examples), or if it has a
huge number of classes (such as recognizing 100 different animal species), then the chance of
selecting an especially "unrepresentative” or bad training set is also larger. For example, if 80% of
your examples are negative examples (y=0), and only 20% are positive examples (y=1), then
there is a chance that a training set of 10 examples contains only negative examples, thus making
it very difficult for the algorithm to learn something meaningful.

Néu (ing dung hoc méy clia ban bj léch nhiéu vé mét I6p: chang han nhu nhiém vu phan loai méo ma
s6 mau am (khdng phai méo) 16n han nhiéu s8 mau ducng (la méo). Hoac, néu n6é ¢ mét s6 luong
I&n cac 16p (chéng han nhu nhéan dang 100 loai dong vat khac nhau), khi dé xac suat chon mét tap
huan luyén rat khéng "mang tinh dai dién" hoac xau cling 16n hon. Vi du: néu 80% mau cla ban la
mau &m (y = 0), va chi 20% la m3u ducng (y = 1), thi c6 kha ndng mét tdp huan luyén gém 10 méau
chi chtta cac mau &m, thi rat khd dé thuat toan hoc dugc diéu gi d6 cé y nghia.

If the noise in the training curve makes it hard to see the true trends, here are two solutions:

Néu nhiéu trong doé thj qua trinh hoc khién ban khé nhin thdy xu hudng thuc sy, thi day I3 hai giai
phap:
e Instead of training just one model on 10 examples, instead select several (say 3-10) different

randomly chosen training sets of 10 examples by sampling with replacement [10] from your
original set of 100. Train a different model on each of these, and compute the training and dev



set error of each of the resulting models. Compute and plot the average training error and
average dev set error.

e Thay vi chi hudn luyén mét mé hinh trén 10 mau, hdy chon ra ngau nhién mét vai (vi du 3-10) tap
huan luyén khac nhau gém 10 mau bang cach 1dy mau cé hoan lai [10] ti bd dit liéu 100 mau ban
dau. Huan luyén mo hinh khac nhau trén méi tap dé va tinh toan 16i huan luyén, 16i phat trién cua
tling md hinh sau khi hudn luyén xong. Tinh toan va vé do thj 16i trung binh trén tdp huan luyén va
I6i trung binh trén tap phat trién.

e If your training set is skewed towards one class, or if it has many classes, choose a "balanced"
subset instead of 10 training examples at random out of the set of 100. For example, you can
make sure that 2/10 of the examples are positive examples, and 8/10 are negative. More
generally, you can make sure the fraction of examples from each class is as close as possible to
the overall fraction in the original training set.

e Néu tap huan luyén cta ban bi léch vé mét I16p, hoac néu nd cd nhiéu I6p, hay chon mét tap hop
con "can bang" thay vi chon ngau nhién 10 trén 100 mau huan luyén. Vi dy, ban c6 thé chac chan
rang 2/10 cac mau la cac mau duang va 8/10 la &m. Téng quét hon, ban c6 thé dam bao ty 1é cac
mau trong mai I8p cang gan vdi ti 1é trong tap huan luyén ban dau.

I would not bother with either of these techniques unless you have already tried plotting learning
curves and concluded that the curves are too noisy to see the underlying trends. If your training
set is large—say over 10,000 examples—and your class distribution is not very skewed, you
probably won't need these techniques.

Néu ban da thir vé cac do thj qua trinh hoc va két lun rang cac dudng cong qué nhiéu dé nhin thay
cac xu hudng cg ban, thi hay sir dung mét trong nhitng ky thuat trén. Néu tap huén luyén cta ban cé
quy mé I18n, vi du han 10.000 méau, va phan phéi I8p cla ban khéng bi léch nhiéu, cé 1& ban khéng
can cac ky thuat nay.
Finally, plotting a learning curve may be computationally expensive: For example, you might have
to train ten models with 1,000, then 2,000, all the way up to 10,000 examples. Training models
with small datasets is much faster than training models with large datasets. Thus, instead of evenly
spacing out the training set sizes on a linear scale as above, you might train models with 1,000,
2,000, 4,000, 6,000, and 10,000 examples. This should still give you a clear sense of the trends in
the learning curves. Of course, this technique is relevant only if the computational cost of training
all the additional models is significant.

Cudi cling, vé db thi qua trinh hoc c6 thé t8n kém vé mat tinh toan: Vi du: ban c6 thé phai huan luyén
mudi mé hinh véi 1.000, réi 2.000, cho dén 10.000 mau. Huan luyén cac mé hinh véi cac bd dir liéu
nho nhanh hon nhiéu so v&i huan luyén cac mo hinh véi cac b dir liéu I6n. Do do, thay vi cach déu
cac kich thudc tap huan luyén theo ty 1& tuyén tinh nhu trén, ban cé thé huan luyén cac md hinh véi
1.000, 2.000, 4.000, 6.000 va 10.000 mau. Diéu nay van sé& cung cap cho ban mét cdm giac rd rang vé
cac xu hudng trong cac do thi qua trinh hoc. Tat nhién, ky thuat nay chi thich hgp néu chi phi tinh toan
dé huan luyén tat ca cdc mé hinh bé sung la dang keé.

FOOTNOTE:
CHU THiCH

[10] Here's what sampling with replacement means: You would randomly pick 10 different



examples out of the 100 to form your first training set. Then to form the second training set, you
would again pick 10 examples, but without taking into account what had been chosen in the first
training set. Thus, it is possible for one specific example to appear in both the first and second
training sets. In contrast, if you were sampling without replacement, the second training set would
be chosen from just the 90 examples that had not been chosen the first time around. In practice,
sampling with or without replacement shouldn't make a huge difference, but the former is
common practice.

[10] G day, viéc lay mau c6 hoan lai c6 nghia la: Ban sé chon ngau nhién 10 mau khac nhau trong s6
100 dé tao thanh tap huan luyén dau tién ctia minh. Sau dé dé tao tap huan luyén th( hai, ban sé lai
ld&y 10 mau ngau nhién trong 100 mau ban dau. Vi vay, c6 thé mét mau cu thé xuét hién trong ca tap
huan luyén th( nhat va thi hai. Ngudc lai, néu ban 18y mau khéng hoan lai, tap huan luyén th(t hai s&
chi dugc chon tir 90 mau khéng dudc chon & lan dau tién. Trong thuc t&, st dung 1dy mau cé hoan lai
hodc khéng hoan lai khéng tao ra su khac biét 16n, nhung 18y mau c6 hoan lai la cach lam phé bién.



Part 5: Comparing to
human-level performance

Phan 5: So sanh véi chat
lugng murc con nguoi



33. Why we compare to human-level performance

33. Tai sao can so sanh chat lugng mirc con ngugi?

Many machine learning systems aim to automate things that humans do well. Examples include
image recognition, speech recognition, and email spam classification. Learning algorithms have
also improved so much that we are now surpassing human-level performance on more and more
of these tasks.

Nhiéu hé théng hoc may hudng téi tv dong hda nhiing tht con ngudi lam tét. Vi du nhu nhan dang
hinh anh, nhan dang giong ndi, va phan loai thu rac. Cac thuat toan hoc ciing da dugc cai thién rat
nhiéu, dén mlc vugt qua chat lugng miic con ngudi trong ngay cang nhiéu tac vu.

Further, there are several reasons building an ML system is easier if you are trying to do a task
that people can do well:

Hon nira, cd rat nhiéu ly do khién viéc xdy dung mét hé théng hoc may dé dang hon néu ban dang
giai quyét mot tac vu ma con ngudi co thé lam tét:

1. Ease of obtaining data from human labelers. For example, since people recognize cat
images well, it is straightforward for people to provide high accuracy labels for your learning
algorithm.

1. Dé dang thu thap dif liéu tir ngudi gan nhan. Vi dy, con ngudi nhan dién hinh anh méo tét, nén
tat nhién viéc dung ngudi d€ gan nhan sé cung cap nhan cé dé chinh xac cao cho thuét toan hoc.

2. Error analysis can draw on human intuition. Suppose a speech recognition algorithm is
doing worse than human-level recognition. Say it incorrectly transcribes an audio clip as "This
recipe calls for a pear of apples," mistaking "pair" for "pear." You can draw on human intuition
and try to understand what information a person uses to get the correct transcription, and use
this knowledge to modify the learning algorithm.

2. Phan tich 16i c6 thé dua vao truc giac cia con ngudi. Gia sif rang mot thuét toan nhan dang
giong nbi hoat dong kém hon so véi con ngudi. Gid du nd ghi nham mot doan am thanh thanh
"This recipe calls for a pear of apples,” (dich la "cong thitc ndu an nay cadn mét qua lé cla téo") vdi
16i tU "pair" tré thanh "pear". Ban c6 thé dua vao truc gidc va cd gang hiéu théng tin nao ma con
ngudi dung dé nghe ra dugc ban ghi thoai chuan va dung théng tin nay dé diéu chinh thuat toan.

3. Use human-level performance to estimate the optimal error rate and also set a "desired
error rate.” Suppose your algorithm achieves 10% error on a task, but a person achieves 2%
error. Then we know that the optimal error rate is 2% or lower and the avoidable bias is at
least 8%. Thus, you should try bias-reducing techniques.

3. Su dung chat lugng mirc con ngudi dé uéc tinh ty 1€ 16i t6i wu ciing nhu dat ra mot "ty lé
16i mong muén.” Gia su thuat toan clia ban tra vé 10% 16i trong mét tac vy, nhung con ngudi chi
16i 2%. Dua vao dd, ching ta biét rang ty Ié 16i t6i uu bang hodc nho haon 2% va dé chéch c6 thé
tranh dugc & mlc nho nhat la 8%. Vi vay, ban nén thir cac ky thuat giam do chéch.

Even though item #3 might not sound important, I find that having a reasonable and achievable
target error rate helps accelerate a team’s progress. Knowing your algorithm has high avoidable



bias is incredibly valuable and opens up a menu of options to try.

Mac du muc s6 3 dudng nhu khéng quan trong, t6i thdy rang viéc dat muc tiéu vé ty Ié 16i & miic hgp
ly sé gilp day nhanh ti€n dé ciia nhdm. Viéc biét thuat toan cla ban c6 dé chéch cao cé thé tranh
dugc la vo cung co gia tri va md ra nhiéu tuy chon dé thir nghiém.

There are some tasks that even humans aren’'t good at. For example, picking a book to
recommend to you; or picking an ad to show a user on a website; or predicting the stock market.
Computers already surpass the performance of most people on these tasks. With these
applications, we run into the following problems:

C4 nhitng tac vu ma ngay ca con ngudi cling lam khdng tét. Vi du, chon mét cudn sach dé gidi thiéu
cho ban; hodc chon mét tin quang céo dé hién thi cho ngudi dung trén mét trang web; hodc du doan
thi trudng chiing khoan. May tinh da lam viéc hiéu qua hon hau hét moi ngudi trong nhiing tac vu
nay. Vdi cac Uing dung nay, chiing ta gdp phai cac van dé sau:

e It is harder to obtain labels. For example, it's hard for human labelers to annotate a database
of users with the "optimal" book recommendation. If you operate a website or app that sells
books, you can obtain data by showing books to users and seeing what they buy. If you do not
operate such a site, you need to find more creative ways to get data.

e Khé khan hon khi gan nhan. Vi du, ngudi gan nhan khoé cé thé dan nhan mét co s& dir liéu ngudi
dung cho tac vy "t6i uu" viéc ggi y sach. Néu dang van hanh mét trang web hoac iing dung ban
sach, ban cé thé 1ay dir liéu bang cach hién thj sach cho ngudi diing va xem nhitng gi ho mua. Néu
khong van hanh mét trang web nhu vay, ban can tim nhiing cach sang tao hon dé 13y dit liéu.

e Human intuition is harder to count on. For example, pretty much no one can predict the stock
market. So if our stock prediction algorithm does no better than random guessing, it is hard to
figure out how to improve it.

e Kho tin tudng truc giac clia con ngudi. Vi dy, gan nhu khéng ai c6 thé du doan dugc thi trudng
chiing khoan. Vi thé, néu thuat toan du doan cd phiéu cla ching ta khéng t6t han du doan ngau
nhién, thi that kho dé tim ra cach cai thién né.

e It is hard to know what the optimal error rate and reasonable desired error rate is. Suppose
you already have a book recommendation system that is doing quite well. How do you know
how much more it can improve without a human baseline?

e Khé tim ra ty 1& 16i t6i uu va ty Ié 16i mong mudn hap ly. Gia st ban da c6 mét hé théng gidi thiéu
sach dang hoat dong kha t6t. Lam thé nao dé ban biét minh cé thé cai thién né thém bao nhiéu
néu khong co giadi phap cap con nguai?



34. How to define human-level performance

34. Cach xac dinh chat lugng mirc con ngudi

Suppose you are working on a medical imaging application that automatically makes diagnoses
from x-ray images. A typical person with no previous medical background besides some basic
training achieves 15% error on this task. A junior doctor achieves 10% error. An experienced
doctor achieves 5% error. And a small team of doctors that discuss and debate each image
achieves 2% error. Which one of these error rates defines "human-level performance"?

Gia sit ban dang lam viéc trén mét (ng dung hinh anh y t&€ ma tu déng dua ra chan doan ti anh X
quang. Vi tac vu chuan doan nay, mét ngudi binh thudng khdng cb nén tang y hoc nao ngoai mét
s6 dao tao co ban c6 miic 15% 16i. M6t bac si tré mdi ra trudng cd mic 10% 16i. Mot bac si day dan
kinh nghiém dat dugc miic 5% 16i. Va mét nhdm nho cac bac si cling trao déi va thao ludn tiing anh
dat dugc miic 2% 16i. Vay cai nao trong nhiing ti 1& 16i nay dugc dinh nghia la "chat lugng miic con
nguai"?

In this case, [ would use 2% as the human-level performance proxy for our optimal error rate. You
can also set 2% as the desired performance level because all three reasons from the previous
chapter for comparing to human-level performance apply:

Trong trudng hop nay, ti sé 18y 2% lam "chat lugng mdc con ngudi” cho ti 1€ 16i t8i uu cla ching ta.
Ban cling c6 thé dat 2% lam mdc chat lugng mong mudn vi nd thda man ca ba ly do (trinh bay &
chuang trudc) dé so sanh véi chat lugng mic con ngudi:

e Ease of obtaining labeled data from human labelers. You can get a team of doctors to
provide labels to you with a 2% error rate.

¢ Dé dang lay dit liéu tir ngusi gan nhan. Ban c6 thé nhd mét nhdm béc si dan nhan cho ban vdi
ti 18 16i 2%.

¢ Error analysis can draw on human intuition. By discussing images with a team of doctors,
you can draw on their intuitions.

¢ Phan tich 16i dua vao truc giac. Bang cach thao luin hinh anh v&i mét nhém céc béac si, ban c6
thé dua vao truc gidc clia ho dé phan tich 16i.

¢ Use human-level performance to estimate the optimal error rate and also set achievable
"desired error rate.” It is reasonable to use 2% error as our estimate of the optimal error
rate. The optimal error rate could be even lower than 2%, but it cannot be higher, since it is
possible for a team of doctors to achieve 2% error. In contrast, it is not reasonable to use 5%
or 10% as an estimate of the optimal error rate, since we know these estimates are necessarily
too high.

¢ Dung chat lugng mirc con ngudi dé udc tinh ti Ié 16i t6i uu cling nhu dit ra "ti 1é 16i mong
muén” kha thi. Viéc ding mdc 2% lam udc lugng vé ti 1€ 16i t8i uu la hop ly. Ti lé 16i t6i uu tham
chi c6 thé thap hon 2%, nhung khéng thé 16n han, vi mdt nhdm béc si co thé dat dugc mic 2% 16i.
Ngugc lai, s& khdng hgp ly khi st dung 5% hodc 10% lam udc lugng cho ti lé 16i t6i uu, vi chiing ta
biét cac muic udc tinh nay qua Ién.



When it comes to obtaining labeled data, you might not want to discuss every image with an
entire team of doctors since their time is expensive. Perhaps you can have a single junior doctor
label the vast majority of cases and bring only the harder cases to more experienced doctors or
to the team of doctors.

Khi Idy dir liéu dugc gan nhan, ¢ thé ban khéng mudn thao luén vé moi biic anh véi toan bd déi ngi
bac si vi thdi gian clia ho rat dang gia. Nhung ban c6 thé nhd mét bac si tré méi ra trudng gan nhan
cho phan I8n cac trudng hgp va chi danh nhitng trudng hgp khd hon cho cac bac si co kinh nghiém
han hodc cho déi ngli bac si.

If your system is currently at 40% error, then it doesn't matter much whether you use a junior
doctor (10% error) or an experienced doctor (5% error) to label your data and provide intuitions.
But if your system is already at 10% error, then defining the human-level reference as 2% gives
you better tools to keep improving your system.

Néu hé théng hién tai clia ban c6 mdlc 40% 16i, thi viéc nhd mét bac si mdi ra trudng (10% 16i) hay
mot béc si o kinh nghiém (5% 16i) d€ gan nhan va dua ra nhiing phan doén truc giac khéng dem lai
nhiéu khac biét. Nhung néu hé théng clia ban dang c6 10% 16i, thi viéc xac dinh chat lugng miic con
ngudi & mic 2% sé cho ban cac cdng cu tét hon dé tiép tuc cai thién hé thédng clia minh.



35. Surpassing human-level performance

35. Vuat qua chat lugng mirc con ngugi

You are working on speech recognition and have a dataset of audio clips. Suppose your dataset
has many noisy audio clips so that even humans have 10% error. Suppose your system already
achieves 8% error. Can you use any of the three techniques described in Chapter 33 to continue
making rapid progress?

Ban dang lam vé nhan dang giong ndi va c6 mét tap dir liéu la cac doan am thanh. Gia st, tap dit liéu
d6 ¢ nhiéu doan &m thanh nhiéu ma thdm chi con ngudi cling mac phai 10% 16i. Gia su, hé théng
clia ban da dat dugc 8% 6. Liéu ban c6 thé si dung bat ky ky thuat nao trong ba ky thuat dugc mé
ta trong Chuong 33 dé tiép tuc ti€n bd nhanh chdng khong?

If you can identify a subset of data in which humans significantly surpass your system, then you
can still use those techniques to drive rapid progress. For example, suppose your system is much
better than people at recognizing speech in noisy audio, but humans are still better at transcribing
very rapidly spoken speech.

NEu co6 thé xac dinh mét tap dif liéu con ma con ngudi dat chat lugng cao hon dang ké so véi hé
théng cla ban, thi ban van cé thé st dung céc ky thuat dé dé thic day tién trinh nhanh chéng. Vi du,
giad st hé thong cua ban t6t han nhiéu so véi con ngudi trong viéc nhan dang giong ndi trong am
thanh nhiéu, nhung con ngudi van tét han trong viéc ghi lai I8i néi rat nhanh.

For the subset of data with rapidly spoken speech:
DGi vai tap dir liéu con vdi I6i ndi nhanh, ban cé thé:

1. You can still obtain transcripts from humans that are higher quality than your algorithm’s
output.

1. lay ban ghi thoai ti con ngudi véi chat lugng cao hon so véi dau ra thuat toan cda ban.

2. You can draw on human intuition to understand why they correctly heard a rapidly spoken
utterance when your system didn't.

2. dua vao tryc giac dé€ hi€u ly do tai sao ho nghe chinh xac mét phat ngén nhanh khi hé théng cua
ban chua thé.

3. You can use human-level performance on rapidly spoken speech as a desired performance
target.

3. dung chét lugng muc con ngudi trén IGi ndi nhanh nhu mét muc tiéu chat lugng mong muén.

More generally, so long as there are dev set examples where humans are right and your
algorithm is wrong, then many of the techniques described earlier will apply. This is true even if,
averaged over the entire dev/test set, your performance is already surpassing human-level
performance.

Téng quat han, mién la c6 cac mau trong tap phat trién ma con ngudi Iam dung va thuét toan cla
ban lam sai, thi rat nhiéu kj thudt dugc mo ta trudc day sé ap dung dugc. Biéu ndy van didng ngay ca
khi chat lugng that toan clia ban (tinh trung binh trén toan b tap phat trién/ki€ém tra) da vugt qua



chat lugng mc con ngudi.

There are many important machine learning applications where machines surpass human level
performance. For example, machines are better at predicting movie ratings, how long it takes for
a delivery car to drive somewhere, or whether to approve loan applications. Only a subset of
techniques apply once humans have a hard time identifying examples that the algorithm is clearly
getting wrong. Consequently, progress is usually slower on problems where machines already
surpass human-level performance, while progress is faster when machines are still trying to catch
up to humans.

C6 nhiéu Uing dung hoc may quan trong ma may da vugt qua chat lugng miic con ngudi. Vi dy, may
lam t6t hon trong viéc dy doan xép hang phim, uéc lugng thai gian di chuyén clia mét chiéc xe giao
hang hodc c6 chap nhan ho sa vay vén hay khong. Chi mét phan nhitng ky thuat nay la ap dung dugc
mot khi con ngudi con gap khd khan trong viéc xac dinh cdc mau ma thuét toan con rd rang dang
lam sai. Do d¢, tién do thudng cham hon trong cac van dé ma may da vugt qua chat lugng muc con
ngudi, va nguac lai, nhanh han khi may van dang ¢ gang bat kip con ngudi.



Part 6: Training and testing
on different distributions

Phan 6: Huan luyén va kiém
tra trén cac phan phoi khac
nhau



36. When you should train and test on different
distributions

36. Khi nao ban nén huan luyén va kiém tra trén nhirng
phan phéi khac nhau

Users of your cat pictures app have uploaded 10,000 images, which you have manually labeled as
containing cats or not. You also have a larger set of 200,000 images that you downloaded off the
internet. How should you define train/dev/test sets?

Ngudi dung Ung dung anh méo cutia ban da dang tai 10.000 tdm anh ma sau do6 ban da gan nhan co
méo hodc khdng c6 meo cho tat cd& mot cach thi cong. Ban cling c6 mét tap anh 16n han gom
200.000 tdm ban d tai tir trén mang vé. Ban nén tao tap huan luyén/phat trién/kiém tra nhu thé nao?

Since the 10,000 user images closely reflect the actual probability distribution of data you want to
do well on, you might use that for your dev and test sets. If you are training a data-hungry deep
learning algorithm, you might give it the additional 200,000 internet images for training. Thus,
your training and dev/test sets come from different probability distributions. How does this affect
your work?

Vi 10.000 tdm anh clia ngudi dung phan anh chinh xac phan bo xac suat cda dir liéu ma ban muén hé
théng hoat déng tét trong tuang lai, ban cé thé st dung chiing cho tap phat trién va kiém tra. Néu
ban dang huan luyén mét thut toan hoc sau "doi" dir liéu, ban c6 thé dua thém 200.000 tdm anh
trén mang cho viéc huan luyén. Do vay, tdp huan luyén va tdp phat trién/kiém tra sé dén tir nhiing
phan phéi khac nhau. Biéu nay anh hudng thé nao t&i cong viéc clia ban?

Instead of partitioning our data into train/dev/test sets, we could take all 210,000 images we
have, and randomly shuffle them into train/dev/test sets. In this case, all the data comes from the
same distribution. But I recommend against this method, because about 205,000/210,000 =
97.6% of your dev/test data would come from internet images, which does not reflect the actual
distribution you want to do well on. Remember our recommendation on choosing dev/test sets:

Thay vi phan chia di liéu clia ching ta ra thanh tap huan luyén/phat trién/kiém tra, ching ta cé thé
ldy hét 210.000 t&m anh ma ta c6, va trén mot cach ngdu nhién vao cac tdp hudn luyén/phat
trién/kiém tra. Trong trudng hgp nay, tat ca dit liéu déu dén tir cing mét phan phéi. Nhung t6i khéng
Ung hé phuong phap nay, bdi vi khoang 205.000/210.000 ~ 97,6% dit liéu phat trién/kiém tra dén tu
nhitng anh trén mang nén né khong phan anh dugc phan phéi that ma ban mudn hé théng dat dugc
chat lugng cao. Hay nhd& I5i khuyén nay khi chon tap phat trién/kiém tra:

Choose dev and test sets to reflect data you expect to get in the future and want to do well on.

Chon tdp phat trién va kiém tra phdan anh dit liéu ban mong muén hé théng hoat déng tét trong tuong
lai.

Most of the academic literature on machine learning assumes that the training set, dev set and
test set all come from the same distribution [11]. In the early days of machine learning, data was
scarce. We usually only had one dataset drawn from some probability distribution. So we would
randomly split that data into train/dev/test sets, and the assumption that all the data was coming
from the same source was usually satisfied.



Da s6 cac tai liéu hoc thuat vé hoc may déu gia dinh tap huan luyén, tap phat trién va tap kiém tra
dén tUr cing mot phan phéi [11]. Trong nhitng ngay dau cla hoc may, di liéu rat khan hiém. Ta
thuang chi c6 mot bd dit liéu dugc lay ra tr mét phan b xac suat nao do. Bdi vay, ta thudng phan
tach mét cach ngau nhién dit liéu dé thanh tap huan luyén/phat trién/kiém tra, va viéc mac dinh tat ca
cac di liéu dén tir cing mot nguon thudng dugc thda man.

But in the era of big data, we now have access to huge training sets, such as cat internet images.
Even if the training set comes from a different distribution than the dev/test set, we still want to
use it for learning since it can provide a lot of information.

Nhung trong thai dai cla dir liéu 16n, ta nay da cé thé ti€p can véi nhitng tap huan luyén khéng 15,
chang han nhu nhitng t&m anh méo trén mang. K& ca khi tdp huan luyén dén tir mét phan phéi khac
vdi tp phét trién/kiém tra, ta van muén si dung ching cho qua trinh hoc bdi vi ching c6 thé cung
cap rat nhiéu thong tin.

For the cat detector example, instead of putting all 10,000 user-uploaded images into the
dev/test sets, we might instead put 5,000 into the dev/test sets. We can put the remaining 5,000
user-uploaded examples into the training set. This way, your training set of 205,000 examples
contains some data that comes from your dev/test distribution along with the 200,000 internet
images. We will discuss in a later chapter why this method is helpful.

Véi vi du vé bo nhan dién meéo, thay vi bd toan bé 10.000 tdm anh do ngudi dung dang tai vao tap
phat trién/kiém tra, thay vao dé ta chi bo 5.000 tdm vao tap phat trién/kiém tra. Con lai 5.000 tdm do
ngudi dung dang tai, ta c6 thé bo vao tap hudn luyén. Bang cach nay, tap huan luyén gém 205.000
mau sé& chlta mét vai dir liéu dén tir phan phdi clia tap phat trién/kiém tra cling véi 200.000 tam tur
internet. Ching ta sé ban thém trong chuong sau ly do vi sao phuang phap nay lai hitu dung.

Let's consider a second example. Suppose you are building a speech recognition system to
transcribe street addresses for a voice-controlled mobile map/navigation app. You have 20,000
examples of users speaking street addresses. But you also have 500,000 examples of other audio
clips with users speaking about other topics. You might take 10,000 examples of street addresses
for the dev/test sets, and use the remaining 10,000, plus the additional 500,000 examples, for
training.

Hay xem xét mét vi du th(r hai. Gia st ban dang xay dung mét hé théng nhan dién giong noi dé phién
thoai dia chi dudng cho mét ng dung ban dé/dinh vi trén di déng diéu khién bang giong néi. Ban cé
20.000 mau clia ngudi dung ndi vé dia chi dudng. Nhung ban cling c6 500.000 mau la nhitng ban ghi
am khéac cta ngudi dung dang noi vé nhitng chi dé khac. Ban cé thé 14y 10.000 mau ndi vé dia chi
dudng cho tap phat trién/kiém tra, va st dung 10.000 m3u con lai, cdng thém 500.000 mau, cho viéc
huan luyén.

We will continue to assume that your dev data and your test data come from the same
distribution. But it is important to understand that different training and dev/test distributions
offer some special challenges.

Chiing ta sé tiép tuc gia dinh rang di liéu phat trién va dit liéu ki€m tra clia ban dén tir cung mot
phén phéi. Nhung cling quan trong khi hi€u rang phan bé tap huan luyén va phat trién/kiém tra khac
nhau s& dan t&i mot vai thach thiic dac biét.

FOOTNOTE:



CHU THICH:

[11] There is some academic research on training and testing on different distributions. Examples
include "domain adaptation," "transfer learning” and "multitask learning.” But there is still a huge
gap between theory and practice. If you train on dataset A and test on some very different type
of data B, luck could have a huge effect on how well your algorithm performs. (Here, "luck"
includes the researcher’s hand-designed features for the particular task, as well as other factors
that we just don't understand yet) This makes the academic study of training and testing on
different distributions difficult to carry out in a systematic way.

[11] C6 mét vai nghién clu khoa hoc vé viéc huan luyén va kiém tra trén cac phan phéi khac nhau.
Nhitng vi du bao gém "thich tng mién", "hoc chuyén ti€p" va "hoc da nhiém". Tuy nhién van con mét
khoang cach 16n gilra ly thuyét va thuc hanh. Néu ban huan luyén trén bé dir liéu A va ki€m tra trén
mét vai ki€u dir liéu rat khac B, may man s& cd anh hudng rat I6n tdi viéc thuat toan cla ban hoat
dong t6t the nao. (O day, "may man" bao gdm nhiing déc trung dudc tao thu cong cho mot bai toan
nhat dinh clia ngudi lam nghién clu, cling nhu mét vai nhan t6 khac ma ching ta van chua hiéu ré.)
Diéu nay lam cho dé tai nghién cltu khoa hoc clia viéc hudn luyén va kiém tra trén nhitng phan phdi
khac nhau kho c6 thé hoan thanh mét cach co hé théng.



37. How to decide whether to use all your data

37. Lam sao dé quyét dinh c6 nén sir dung toan bd dir
lieu?

Suppose your cat detector’s training set includes 10,000 user-uploaded images. This data comes
from the same distribution as a separate dev/test set, and represents the distribution you care
about doing well on. You also have an additional 20,000 images downloaded from the internet.
Should you provide all 20,000+10,000=30,000 images to your learning algorithm as its training
set, or discard the 20,000 internet images for fear of it biasing your learning algorithm?

Gia st tap huan luyén cta bé nhan dién meo c6 10.000 hinh anh do ngudi dung tai Ién. DT liéu nay
dén tUr cung phén phéi véi mét tap phat trién/kiém tra riéng biét. Ching dai dién cho phan phéi dir
liéu ma ban muén hé théng dat dugc chat lugng cao vdéi né. Ban cling ¢ thém 20.000 anh dugc tai
xuong tu internet. Ban c¢é nén cung cap tat ca 20.000 + 10.000 = 30.000 anh cho thuat toan hoc dudi
dang tap huén luyén, hay nén loai bd 20.000 anh ti internet dé tranh lam chéch di thuat toan hoc cua
ban?

When using earlier generations of learning algorithms (such as hand-designed computer vision
features, followed by a simple linear classifier) there was a real risk that merging both types of
data would cause you to perform worse. Thus, some engineers will warn you against including the
20,000 internet images.

Khi st dung cac thuét toan hoc thé hé trudc (chang han nhu cac dac trung thi gidc may tinh dugc thiét
ké thu cong, theo sau la mét bo phan loai tuyén tinh don gian), sé co rui ro khi két hgp ca hai loai dir
liéu sé khién chat lugng ctia hé thong té di. Do d6, mot s6 ky su sé canh bao ban dung thém 20.000
anh internet vao.

But in the modern era of powerful, flexible learning algorithms—such as large neural networks—
this risk has greatly diminished. If you can afford to build a neural network with a large enough
number of hidden units/layers, you can safely add the 20,000 images to your training set. Adding
the images is more likely to increase your performance.

Nhung ngay nay véi cac thuat todn hoc linh hoat va manh mé -- chéng han nhu cac mang nc-ron I16n
-- rli ro nay da giam di rat nhiéu. Néu ban c6 du kha ndng dé xay dung mét mang no-ron véi s6
lugng don vi va tang an du 1én, ban ¢ thé an toan thém 20.000 hinh anh vao tap huan luyén. Viéc
thém nhiéu hinh anh hoc c6 kha nang gitp hé thong nang cao chat lugng.

This observation relies on the fact that there is some x —> y mapping that works well for both
types of data. In other words, there exists some system that inputs either an internet image or a
mobile app image and reliably predicts the label, even without knowing the source of the image.

Nhéan dinh nay dua trén thuc té la c6 mét s6 anh xa x -> y hoat dong tot cho ca hai loai di liéu. Noi
cach khac, van ton tai mét s6 hé thdng nhan dau vao 13 anh internet hoac anh tir 'ng dung di déng va
du doan nhan anh mot cach dang tin cady, ngay ca khi khong biét nguén goc clia no.

Adding the additional 20,000 images has the following effects:

Thém vao 20.000 hinh anh bé sung cé nhitng anh hudéng sau:



1. It gives your neural network more examples of what cats do/do not look like. This is helpful,
since internet images and user-uploaded mobile app images do share some similarities. Your
neural network can apply some of the knowledge acquired from internet images to mobile
app images.

1. N& cung cap cho mang no-ron clia ban nhiéu mau hon vé nhiing gi giéng/khéng giéng méo. Diéu
nay rat hitu ich, vi hinh anh trén internet va hinh anh tur ting dung di déng do ngugi dung tai Ién
c6 chung mét sd diém tuang déng. Mang no-ron clia ban c6 thé ap dung mot s6 kién thic thu
dudgc tu hinh anh internet vao hinh anh (ng dung di doéng.

2. It forces the neural network to expend some of its capacity to learn about properties that are
specific to internet images (such as higher resolution, different distributions of how the images
are framed, etc.) If these properties differ greatly from mobile app images, it will "use up"
some of the representational capacity of the neural network. Thus there is less capacity for
recognizing data drawn from the distribution of mobile app images, which is what you really
care about. Theoretically, this could hurt your algorithms’ performance.

2. N6 budc mang na-ron phai st dung mét sé ngudn luc ctia nd dé tim hi€u vé cac thudc tinh danh
riéng cho hinh anh trén internet (chr—fmg han nhu dé phan giai cao han, cac phan phéi khac nhau vé
cach cac hinh anh dugc dong khung, v.v.) Néu cac thudc tinh nay khac nhiéu so véi hinh anh ting
dung di déng, n6 sé "sit dung hét" kha nang biéu dién clia mang na-ron. Vi vay kha nang nhan
biét dif liéu trén phan phdi anh Uing dung di dong sé it hon, trong khi &6 mdi la diéu ban thuc sy
quan tam. Trén ly thuyét, diéu nay co6 thé gdy tén thuong dén chat lugng thuét toan cltia ban.

To describe the second effect in different terms, we can turn to the fictional character Sherlock
Holmes, who says that your brain is like an attic; it only has a finite amount of space. He says that
"for every addition of knowledge, you forget something that you knew before. It is of the highest
importance, therefore, not to have useless facts elbowing out the useful ones." [12]

DE M6 ta anh hudng thi hai theo cac thuat nglt khac nhau, ching ta c6 thé mugn nhén vat hu cau
Sherlock Holmes, ngudi néi rang bé ndo cua ban giéng nhu mot can gac; né chi cé mét khéng gian
httu han. Anh ta néi rang "mai lan bé sung kién thiic, ban s& quén di nhitng diéu ma ban biét trudc
day. Do d6, diéu quan trong bac nhat la khdng dé nhiing théng tin v6 dung lan at nhiing thong tin
hitu ich." [12]

Fortunately, if you have the computational capacity needed to build a big enough neural network
—i.e., a big enough attic—then this is not a serious concern. You have enough capacity to learn
from both internet and from mobile app images, without the two types of data competing for
capacity. Your algorithm’s "brain" is big enough that you don't have to worry about running out of
attic space.

May man thay, néu ban cé du kha nang tinh toan dé xay dung mét mang no-ron I6n -- néi nhu trén
la c6 mét can gac du I8n -- thi day khdng phai la mot van dé nghiém trong. Ban c6 du nang luc dé
hoc tir ca hinh anh internet va tu hinh anh (ng dung di ddng ma khéng coé sy canh tranh vé dung
lugng gilta hai loai dir liéu. "B6 ndo" clia thuét toan can du I16n dé ban khéng phai lo 1ang vé viéc hét
khong gian can gac.

But if you do not have a big enough neural network (or another highly flexible learning
algorithm), then you should pay more attention to your training data matching your dev/test set
distribution.



Nhung néu ban khong cé mét mang no-ron du I6n (hoac mét thuat toan hoc rat linh hoat nao do), thi
ban nén chl y hon dén di liéu huan luyén tuang dong véi phan phéi trén tap phat trién/kiém tra cla
ban.

If you think you have data that has no benefit, you should just leave out that data for
computational reasons. For example, suppose your dev/test sets contain mainly casual pictures of
people, places, landmarks, animals. Suppose you also have a large collection of scanned historical
documents:

Néu ban nghi rang dit liéu nao d6 khéng gia tri, ban nén loai bd dit liéu do6 vi kha nang tinh toan la c6

han. Vi du: gia s tap huan luyén/kiém tra clia ban chifa chui yéu la hinh anh théng thudng vé ngudi,
dia diém, dia danh, dong vat. Gia st ban cling c6 mét bd suu tap I6n ban scan cac tai liéu lich sir:
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These documents don't contain anything resembling a cat. They also look completely unlike your
dev/test distribution. There is no point including this data as negative examples, because the
benefit from the first effect above is negligible -- there is almost nothing your neural network can
learn from this data that it can apply to your dev/test set distribution. Including them would waste
computation resources and representation capacity of the neural network.

Nhirng tai liéu nay nhin khong cé gi giong meéo ca. Chung cling tréng hoan toan khong giéng nhu tap
phan phdi phat trién/kiém tra cta ban. Hoan toan khéng cé y nghia gi khi gilt lai dr liéu nay dé lam
mau thdr 4m tinh vi Igi ich thit nhat nhu néu & trén 1a khéng dang ké -- mang na-ron hau nhu khéng
thé hoc dugc gi tur dif liéu nay dé cé thé ap dung cho phén phdi tap phat trién/ki€ém tra clia ban. Gitr
lai chiing sé 1ang phi tai nguyén tinh toan va kha nang biéu dién cia mang no-ron.

FOOTNOTE:


file:///D:/Programing/ML_Vietnamese_Transalation/Tempo/imgs/C37_01.png

CHU THiCH:
[12] A Study in Scarlet by Arthur Conan Doyle

[12] Trich tur "A Study in Scarlet" ctia Arthur Conan Doyle



38. How to decide whether to include inconsistent data

38. Lam thé nao dé quyét dinh c6 nén bao géom dir liéu
khong nhat quan

Suppose you want to learn to predict housing prices in New York City. Given the size of a house
(input feature x), you want to predict the price (target label y).

Gia s ban c6 thuat toan hoc du doan gia nha & Thanh phé New York. Véi kich thudc clia mét ngoi
nha (dac trung dau vao x), ban muén du doan muc gia (nhan muc tiéu y).

Housing prices in New York City are very high. Suppose you have a second dataset of housing
prices in Detroit, Michigan, where housing prices are much lower. Should you include this data in
your training set?

Gia nha & Thanh phé New York rat cao. Gid st ban c6 b di liéu th( hai vé gia nha dat & Detroit,
Michigan, noi gia nha dat thap hon nhiéu. Ban ¢6 nén bao gém di liéu nay trong tap huan luyén cla
ban khong?

Given the same size x, the price of a house y is very different depending on whether it is in New
York City or in Detroit. If you only care about predicting New York City housing prices, putting the
two datasets together will hurt your performance. In this case, it would be better to leave out the
inconsistent Detroit data. [13]

Véi cung kich thudc x, gia clia ngdi nha y rat khac nhau tuy thudc vao viéc n6é & Thanh ph6 New York
hay & Detroit. Néu ban chi quan tam dén viéc dy doan gia nha & Thanh phé New York, viéc dat hai b6
dr liéu lai véi nhau sé 1am tén hai dén hiéu suat ctia ban. Trong trudng hgp nay, t6t hon hét la bo qua
dir liéu khong nhét quan & Detroit. [13]

How is this New York City vs. Detroit example different from the mobile app vs. internet cat
images example?

Vi du vé Thanh phé New York va Detroit nay khac gi so véi vi du vé anh méo tur i'ng dung di déng va
anh trén internet?

The cat image example is different because, given an input picture x, one can reliably predict the
label y indicating whether there is a cat, even without knowing if the image is an internet image or
a mobile app image. Le., there is a function f(x) that reliably maps from the input x to the target
output y, even without knowing the origin of x. Thus, the task of recognition from internet images
is "consistent" with the task of recognition from mobile app images. This means there was little
downside (other than computational cost) to including all the data, and some possible significant
upside. In contrast, New York City and Detroit, Michigan data are not consistent. Given the same x
(size of house), the price is very different depending on where the house is.

Vi du vé anh meéo khac trudng hgp trén bdi vi, véi mét anh dau vao x, ta c6 thé dy doan mét cach
dang tin cady nhan y liéu c6 méo trong anh hay khéng ma khéng céan biét hinh anh doé la ti internet
hay tur Ung dung di dong. Nghia la, c6 mot ham f(x) anh xa dang tin cdy tU dau vao x dén dau ra muc
tiéu y, ngay ca khi khong biét nguén goc cla x. Do do, nhiém vy nhan dang hinh anh tu internet la
nhiém vy nhat quan vai nhiém vu nhan dang hinh anh tir (ng dung di déng. biéu nay cé nghia la c6



rat it nhugc diém (ngoai chi phi tinh toan) khi bao gém tat ca cac dit liéu nhung lai cé thé c6 nhing
uu diém Ion. Ngudc lai, dit liéu cta Thanh phd New York vdi Detroit va Michigan khéng nhat quan.
Cho cung mét x (kich thudc ctia ngdi nha), gia nha rat khac nhau tuy thudc vao vi tri ngoi nha.

FOOTNOTE:
CHU THiCH:

[13] There is one way to address the problem of Detroit data being inconsistent with New York
City data, which is to add an extra feature to each training example indicating the city. Given an
input x—which now specifies the city—the target value of y is now unambiguous. However, in
practice I do not see this done frequently.

[13] C6 mot cach dé giai quyét van dé dir liéu Detroit khong nhat quan vai dit liéu cta Thanh phd
New York, dé la thém mot dac trung biéu dién thanh phd. Cho mot dau vao x ma cé chira thém dac
trung biéu dién thanh phd, gia tri muc tiéu y bay gid khdng con map md nita. Tuy nhién, trong thuc
té toi khong thay diéu nay dugc thuc hién thuang xuyén.



39. Weighting data

39. Panh trong so dir liéu

Suppose you have 200,000 images from the internet and 5,000 images from your mobile app
users. There is a 40:1 ratio between the size of these datasets. In theory, so long as you build a
huge neural network and train it long enough on all 205,000 images, there is no harm in trying to
make the algorithm do well on both internet images and mobile images.

Gia si ban c6 200.000 hinh anh tUr internet va 5.000 hinh anh tUr ngudi dung Ung dung di déng clia
ban. Ty é kich thudc gilta cac bd di liéu nay la 40:1. Vé ly thuyét, mién la ban xay dung mot mang
na-ron khéng 16 va huan luyén né du lau trén tat ca 205.000 hinh anh thi s& khong cé van dé gi khi cé
gang lam cho thuat toan hoat déng tét trén ca hinh anh tir internet va hinh anh tir di déng.

But in practice, having 40x as many internet images as mobile app images might mean you need
to spend 40x (or more) as much computational resources to model both, compared to if you
trained on only the 5,000 images.

Nhung trén thuc t€, viéc c6 hinh anh ti internet gap 40 lan so véi hinh anh tir (ng dung di dong co
thé nghia 13 ban can phai st dung 40 lan (hodc nhiéu hon) tai nguyén tinh toan dé mé hinh héa ca hai,
50 véi néu ban chi dao tao trén 5.000 hinh anh.

If you don't have huge computational resources, you could give the internet images a much lower
weight as a compromise.

Néu ban khéng cé tai nguyén tinh toan khéng 16, ban c6 thé thoa hiép bang cach gan trong sé vdi gia
tri thap han dang ké cho céac hinh anh tlr internet.

For example, suppose your optimization objective is squared error (This is not a good choice for a
classification task, but it will simplify our explanation.) Thus, our learning algorithm tries to
optimize:

Vi dy, gid s muyc tiéu t6i uu cla ban la sai s6 binh phuong (Bay khong phai la mét lua chon tét cho
mot tac vu phan loai, nhung nd sé dan gian hoa ISi giai thich clia ching ta.) Vi vay, thuat toan hoc tap
clia chdng ta ¢6 gang t6i uu hoa:

11'}9111 Z (ho(z) —y)? + Z (ho(x) —y)?
(x,y) eAnhbienThoai (z,y) cAnhInternet

The first sum above is over the 5,000 mobile images, and the second sum is over the 200,000
internet images. You can instead optimize with an additional parameter :

Téng dau tién phia trén 1a trén 5.000 hinh anh tir di déng va téng th( hai 1a trén 200.000 hinh anh tu
internet. Ban cling cé thé t&i uu véi mét tham sé bé sung B:

min Z (ho(z) —y)2 + 1 Z (ho(z) —y)?

[
(z,y)€AnhDienThoai (x,y)€AnhInternet

If you set B=1/40, the algorithm would give equal weight to the 5000 mobile images and the
200,000 internet images. You can also set the parameter [ to other values, perhaps by tuning to
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the dev set.

Néu ban chon trong s6 B = 1/40, thuat toan sé doi x véi 5.000 hinh anh tur di déng tuong duong vai
200.000 hinh anh tir internet. Ban ciing c thé chon cac gia tri khac cho B, chang han nhu tinh chinh
theo tap phat trién.

By weighting the additional Internet images less, you don't have to build as massive a neural
network to make sure the algorithm does well on both types of tasks. This type of re-weighting is
needed only when you suspect the additional data (Internet Images) has a very different
distribution than the dev/test set, or if the additional data is much larger than the data that came
from the same distribution as the dev/test set (mobile images).

Khi gidm trong s& cac hinh anh dugc bd sung tur Internet, ban khéng can phai xay dung mét mang
na-ron khéng 16 d€ dam bao thuét toan thuc hién tét trén ca hai tac vu. Viéc danh lai trong s6 nay chi
can thiét khi ban nghi ngd dit liéu bé sung (hinh anh tir internet) c6 phéan phai rat khac so véi tap phat
trién/kiém tra, hodc néu dir liéu bé sung I6n hon nhiéu so véi dir liéu ma co cung phéan phéi véi tap
phat trién/kiém tra (hinh anh tur di dong).



40. Generalizing from the training set to the dev set

40. Tong quat héa tir tap huan luyén dén tap phat trién

Suppose you are applying ML in a setting where the training and the dev/test distributions are
different. Say, the training set contains Internet images + Mobile images, and the dev/test sets
contain only Mobile images. However, the algorithm is not working well: It has a much higher
dev/test set error than you would like. Here are some possibilities of what might be wrong:

Gia s ban dang ap dung hoc may cho mét ing dung ma phan phéi clia tap huan luyén va tap phat
trién/ki€m tra khac nhau. Tap huan luyén chiia anh Internet + anh Dién Thoai trong khi tdp phat
trién/kiém tra chi chlta anh Dién Thoai. Tuy nhién, thudt toan clia ban khéng hoat déng tét: Muc 16i
trén tap phat trién/kiém tra cao hon nhiéu con s& mong muén. Mét s6 nguyén nhan cé thé gay ra
van dé trén la:
1. It does not do well on the training set. This is the problem of high (avoidable) bias on the
training set distribution.

1. Thuat toan khéng hoat dong t6t trén tap huan luyén. Day la van dé clia dé chénh cao (tranh dugc)
trén phan phdi cla tap huan luyén.

2. It does well on the training set, but does not generalize well to previously unseen data drawn
from the same distribution as the training set. This is high variance.

2. Thuat toan hoat déng tét trén tap hudn luyén, nhung khong téng quat hoa tét trén dit liéu dugc
trich xuat tr cung phan phéi vdi tdp hudn luyén ma thuat toan chua thay trugc dé. Truong hgp nay
la phuong sai cao.

3. It generalizes well to new data drawn from the same distribution as the training set, but not to
data drawn from the dev/test set distribution. We call this problem data mismatch, since it is
because the training set data is a poor match for the dev/test set data.

3. Thuat todn téng quat hda tét vai dir liéu mdi, dudc trich xut tir cing phan phdi véi tap hudn
luyén, nhung khéng tét vai dit liéu trich xuat tir phan phéi clia tap phat trién/kiém tra. Chiang ta
goi van dé nay la dir liéu khong tuong dong badi dir liéu cua tap huan luyén khdp kém so véi dir
liéu clia tap phat trién/kiém tra.

For example, suppose that humans achieve near perfect performance on the cat recognition task.
Your algorithm achieves this:

Vi dy, gia st con ngudi dat chat lugng hoan hao trong viéc nhan dang méo. Thuat toan ctia ban dat
dudgc cac két qua nhu sau:

e 1% error on the training set
e 1% I&i trén tap huan luyén

® 1.5% error on data drawn from the same distribution as the training set that the algorithm has
not seen

e 1.5% 16i trén dir liéu trich xuat tir cing phan phéi véi tdp huan luyén ma thuat toan chua thay trudc
dé



e 10% error on the dev set
e 10% 16i trén tap phat trién

In this case, you clearly have a data mismatch problem. To address this, you might try to make the
training data more similar to the dev/test data. We discuss some techniques for this later.

Trudng hop nay, ban rd rang cé van dé vé dir liéu khéng tuong dong. BE khac phuc, ban cé thé cé
gang xu ly dit liéu huan luyén sao cho giéng hon véi di liéu trén tap phat trién/kiém tra. Ching ta sé
ban luan cac ky thuat xtr ly van dé nay vé sau.
In order to diagnose to what extent an algorithm suffers from each of the problems 1-3 above, it
will be useful to have another dataset. Specifically, rather than giving the algorithm all the

available training data, you can split it into two subsets: The actual training set which the algorithm
will train on, and a separate set, which we will call the "Training dev" set, that we will not train on.

Pé chan doan muc d6 tac dong téi thuat toan tir mbi van dé 1-3 & trén, viéc s& hitu mot bd dir liéu
khac sé rat hitu ich. Cu thé, thay vi ap dung thuat toan véi toan bé dir liéu hudn luyén, ban cé thé chia
né thanh hai tap con: Tap huan luyén thuc té ma thuat toan sé huan luyén va mot tap riéng, & day
ching t6i goi 13 tp "phat trién huan luyén" va né sé khéng dugc dung cho viéc huan luyén.

You now have four subsets of data:
Ban gio day c6 bén tap con di liéu:

¢ Training set. This is the data that the algorithm will learn from (e.g., Internet images + Mobile
images). This does not have to be drawn from the same distribution as what we really care
about (the dev/test set distribution).

e Tap huan luyén: Day la di liéu ma thuat toan sé hoc tur né (vi du: anh Internet + anh bién Thoai).
Tap dir liéu nay khong nhat thiét phai dugc trich xuat tur cing phan phéi nhu la déi véi tap phat
trién/kiém tra.

¢ Training dev set: This data is drawn from the same distribution as the training set (e.g., Internet
images + Mobile images). This is usually smaller than the training set; it only needs to be large
enough to evaluate and track the progress of our learning algorithm.

e Tap phat trién hudn luyén: Day 1a dir liéu trich xudt t&r cing phan phéi véi tdp huan luyén (vi du:
anh Internet + anh Dién Thoai). Tap dif liéu nay thudng nhd hon tap huan luyén va chi can du Ién
dé c6 thé danh gia va theo dbi qua trinh hoc clia thuat toan.

e Dev set: This is drawn from the same distribution as the test set, and it reflects the distribution
of data that we ultimately care about doing well on. (E.g., mobile images.)

e Tap phat trién: Day la dir liéu trich xuat tir cing phan phdi vdi tap ki€m tra, né phan anh phan phai
di liéu ma ching ta mong muon thuat toan thuc hién tét nhat. (Vi du: anh dién thoai)

e Test set: This is drawn from the same distribution as the dev set. (E.g., mobile images.)
o Tap ki€m tra: Day la di liéu trich xuat tir cling phan phéi véi tap phét trién. (Vi du: anh dién thoai)
Armed with these four separate datasets, you can now evaluate:

Pugc trang bi véi bén tap dit liéu riéng biét, ban gid day c6 thé danh gia:



e Training error, by evaluating on the training set.
e LAi huan luyén, bang cach danh gia tap huan luyén.

e The algorithm’s ability to generalize to new data drawn from the training set distribution, by
evaluating on the training dev set.

¢ Kha nang téng quat hda clia thuat toan déi vai dit liéu mdi, dugc trich xuat tir cing phan phéi véi
tap huan luyén, bang cach danh gia tap phat trién huan luyén.

e The algorithm'’s performance on the task you care about, by evaluating on the dev and/or test
sets.

¢ Danh gia chat lugng clia thuat toan & tac vu ma ban quan tam trén tip phat trién va/hoac tap kiém
tra.

Most of the guidelines in Chapters 5-7 for picking the size of the dev set also apply to the training
dev set.

Phan I6n nhitng huéng dan & Chuong 5-7 vé lua chon kich thudc clia tap phat trién ¢ thé ap dung
dudgc véi tap phat trién huan luyén.



41. Identifying Bias, Variance, and Data Mismatch
Errors

41. Xac dinh loi vé dé chéch, phucong sai va dir liéu khéng
tuong dong
Suppose humans achieve almost perfect performance (0% error) on the cat detection task, and

thus the optimal error rate is about 0%. Suppose you have:

Gia st con ngudi dat dugdc chat lugng gan nhu hoan hao (16i ~0%) trong viéc phat hién méo va do
vay ty |€ 16i t6i uu la khoang 0%. Gia st ban co:

® 1% error on the training set.

® 1% 16i trén tap huan luyén.
® 5% error on training dev set.

® 5% 16i trén tap phat trién huan luyén.
® 5% error on the dev set.

® 5% I&i trén tap phat trién.

What does this tell you? Here, you know that you have high variance. The variance reduction
techniques described earlier should allow you to make progress.

Nhu vay néi lén dugc diéu gi? & day, ban biét rang minh dang cé phuong sai cao. Ban cé thé cai tién
thém véi cac ky thuat giam phuong sai dugc mo ta trudc day.

Now, suppose your algorithm achieves:
Bay gid, gia sur thuat toan clia ban dat dugc:
® 10% error on the training set.
o 10% I&i trén tap huan luyén.
e 11% error on training dev set.
o 11% I&i trén tap phat trién huan luyén.
e 12% error on the dev set.
e 12% I&i trén tap phat trién.

This tells you that you have high avoidable bias on the training set. Le., the algorithm is doing
poorly on the training set. Bias reduction techniques should help.

Diéu nay cho ban biét rang ban c6 d6 chéch tranh dugc cao trén tap huan luyén. Tic I3, thuat toan
dang hoat déng kém trén tap huan luyén. Ky thuat giam dé chéch sé cé ich trong trudng hgp nay.

In the two examples above, the algorithm suffered from only high avoidable bias or high
variance. It is possible for an algorithm to suffer from any subset of high avoidable bias, high
variance, and data mismatch. For example:



Trong hai vi du trén, thuat toan chi c6 van dé vé dé chéch tranh dugc cao hoac phuang sai cao. Mét
thuat toan c6 thé mac phai moét hodc nhiéu van dé vé dé chéch tranh dugc cao, phuang sai cao hodc
dir liéu khong tuong dong. Vi du nhu:

® 10% error on the training set.

e 10% I&i trén tap huan luyén.
® 11% error on training dev set.

e 11% l6i trén tap phat trién huan luyén.
® 20% error on the dev set.

® 20% 16i trén tap phat trién.

This algorithm suffers from high avoidable bias and from data mismatch. It does not, however,
suffer from high variance on the training set distribution.

Thuéat toan nay c6 dé chéch tranh dugc cao va 16i dit liéu khéng tuang dong. Tuy nhién, nd khéng c6
van dé phuang sai cao trong phan phdi tap huan luyén.

It might be easier to understand how the different types of errors relate to each other by drawing
them as entries in a table:

Dé dé hiéu han, mai quan hé giira cac loai 16i dugc trinh bay trong bang sau:

Phén phai A: Phan phéi B:
Anh trén Internet & Anh trén Bién thoai

Dién thoai

3}
< < v
Muc con ngudi "L6i muc con ngudi” 3. S
(=0%) £
S
Q-
Xe = np x- x Ao m g
Loi trén cac mau ma L6i huén luyén
thuat toan da dugc hoc (10%) o
c —
_ .y E
Léi trén cac mau ma "L&i huén luyén - phat  "L&i phat trién - kiém / &
thuat toan chua dugc hoc trién" (11%) tra" (20%)
\_/

Dir liéu khéng tuong déng

Continuing with the example of the cat image detector, you can see that there are two different
distributions of data on the x-axis. On the y-axis, we have three types of error: human level error,
error on examples the algorithm has trained on, and error on examples the algorithm has not
trained on. We can fill in the boxes with the different types of errors we identified in the previous
chapter.

Ti€p tuc vGi vi du vé bd phat hién hinh anh méo, ban c6 thé thdy rang c6 hai phan phdi dir liéu khac
nhau trén truc x. Trén truc y, chiing ta cé ba loai 16i: 16i & miic con ngudi, 16i trén cac mau ma thuat
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toan da dugc hoc va 16i trén cadc mau ma thuat toan chua dudc hoc. Ching ta c6 thé dién vao cac 6
véi c4c loai 16i khac nhau da dugc xac dinh dudc trong chuong trudc.

If you wish, you can also fill in the remaining two boxes in this table: You can fill in the upper-right
box (Human level performance on Mobile Images) by asking some humans to label your mobile
cat images data and measure their error. You can fill in the next box by taking the mobile cat
images (Distribution B) and putting a small fraction of into the training set so that the neural
network learns on it too. Then you measure the learned model’s error on that subset of data.
Filling in these two additional entries may sometimes give additional insight about what the
algorithm is doing on the two different distributions (Distribution A and B) of data.

N&u muén, ban ciling c6 thé dién vao hai & con lai: Ban c6 thé dién vao 6 phia trén bén phai (Chat
lugng miic con ngudi trén Hinh anh tai 1én tir dién thoai) bang cach nhd mét vai ngudi dan nhan di
liéu anh méo tai 1én tir dién thoai va do miric 16i gan nhan cta ho. Ban cé thé dién vao 6 ké ti€p bang
cach bo moét phan nhoé nhitng tdm anh meo chup tur dién thoai (c6 Phan phoi B) vao tap huan luyén
dé mang no-ron cling cé thé hoc theo ching. Sau dd, ban do 16i ctia md hinh d3 hoc trén tap di liéu
con dé. Viéc dién thém vao hai muc nay déi khi c6 thé cung cap cai nhin sdu sac hon vé nhiing gi
thuat toan dang thuc hién trén cac phan phai dit liéu khac nhau (Phan phaoi A va B).

By understanding which types of error the algorithm suffers from the most, you will be better
positioned to decide whether to focus on reducing bias, reducing variance, or reducing data
mismatch.

Bang céch hiéu dudc loai 16i ma thuat toan dang gap nhiéu nhat, ban sé & vi thé t6t hon dé quyét
dinh nén tap trung vao viéc giam dé chéch, giam phuaong sai hay giam do khéng tuang déng cda dir
lieu.



42. Addressing data mismatch

42. Xu ly dir liéu khéng tuong déng

Suppose you have developed a speech recognition system that does very well on the training set
and on the training dev set. However, it does poorly on your dev set: You have a data mismatch
problem. What can you do?

Gia s, ban da phat trién mot hé thdng nhan dang giong néi hoat déng rat tét trén tap huan luyén va
tap phat trién huan luyén. Tuy nhién, hé théng dé lai hoat déng kém trén tap phat trién: Ban cd van
de vé dit liéu khéng tuong dong. Ban co thé lam gi?

I recommend that you: (i) Try to understand what properties of the data differ between the
training and the dev set distributions. (ii) Try to find more training data that better matches the
dev set examples that your algorithm has trouble with. [14]

Toi dé xudt ban nén: (i) C6 gang hi€u nhitng thudc tinh cta dir liéu ma khac biét gitra phan phdi cla
tap huan luyén va tap phat trién. (i) C6 gang lay thém dir liéu hudn luyén tuong déng hon vdi cac
mau trong tap phat trién ma thuat toan clia ban dang gap van deé.

For example, suppose you carry out an error analysis on the speech recognition dev set: You
manually go through 100 examples, and try to understand where the algorithm is making
mistakes. You find that your system does poorly because most of the audio clips in the dev set
are taken within a car, whereas most of the training examples were recorded against a quiet
background. The engine and road noise dramatically worsen the performance of your speech
system. In this case, you might try to acquire more training data comprising audio clips that were
taken in a car. The purpose of the error analysis is to understand the significant differences
between the training and the dev set, which is what leads to the data mismatch.

Gia st ban thuc hién phan tich 16i nhan dang giong noi trén tap phat trién: Ban nghe thi cong qua
100 mau va ¢ gang hi€u xem thuat toan dang mac 16i & nhitng dau. Ban phét hién rang, hé théng
clia ban hoat déng kém vi hau hét nhitng doan &m thanh trong tap phat trién dugc thu bén trong xe
hai, trong khi hau hét cac vi du dé huan luyén dugc thu trong méi trudng yén tinh. Tiéng 6n tir déng
cd va dudng phé lam anh hudng nghiém trong dén chét lugng ctia hé théng. Trong trudng hgp nay,
ban c6 thé c6 gang thu thap thém di liéu huan luyén bao gébm cac doan &m thanh dugc thu trong xe
hai. Muc dich cta viéc phan tich 16i 1a d€ hiéu nhitng khac biét nao la dang k€ gitra tap huan luyén va
tap phét trién, day vén la nguyén nhan dan dén dit liéu khéng tuong dong.

If your training and training dev sets include audio recorded within a car, you should also double-
check your system’s performance on this subset of data. If it is doing well on the car data in the
training set but not on car data in the training dev set, then this further validates the hypothesis
that getting more car data would help. This is why we discussed the possibility of including in your
training set some data drawn from the same distribution as your dev/test set in the previous
chapter. Doing so allows you to compare your performance on the car data in the training set vs.
the dev/test set.

Néu tap huan luyén va tap phat trién hudn luyén cta ban chita nhitng doan am thanh thu trong xe hdi,
ban nén kiém tra ki ludng chat lugng clia hé théng trén tap con dir liéu nay. Néu hé théng hoat dong
t6t véi dit liéu xe haoi trong tap huadn luyén nhung khdng tét vai dir liéu xe hai trong tap phat trién



huan luyén, diéu do6 cang khang dinh gia thuyét rang |1dy thém dit liéu xe hai sé c6 ich. Bé la li do tai
sao chuiing ta thao ludn trong chuong trudc vé kha nang thém mét s6 dir liéu 1y tir tap phat trién/tap
ki€m tra v&i cung phan phéi vao trong di liéu huan luyén. Lam nhu vdy cho phép ban so sanh chat
lugng [hé théng] trén tap huan luyén so véi trén tap phat trién/kiém tra.

Unfortunately, there are no guarantees in this process. For example, if you don't have any way to
get more training data that better match the dev set data, you might not have a clear path
towards improving performance.

Dang tiéc la khéng cé mét su bao dam nao trong qua trinh nay. Vi dy, néu ban khéng c6 cach nao dé
c6 thé 1ay thém di liéu huadn luyén tucng déng véi dir liéu trong tap phat trién, ban c6 thé khéng
dinh ra dugc mét 16 trinh rd rang dé cai thién chat lugng hé théng.

FOOTNOTE:
GHI CHU:

[14] There is also some research on "domain adaptation” -- how to train an algorithm on one
distribution and have it generalize to a different distribution. These methods are typically
applicable only in special types of problems and are much less widely used than the ideas
described in this chapter.

[14] Clng c6 mét s6 nghién clu vé "thich tng mién" -- lam sao dé huan luyén mét thuat toan trén
mot phan phéi ma van téng quat hda dugc trén mét phan phéi khac. Nhitng phuong phap nay
thuong chi Ung dung dugc véi mét s6 loai bai toan dac biét va it dugc st dung han nhiéu so véi
nhiing y tudng da dugc trinh bay trong chuang nay.



43. Artificial data synthesis

43. Tong hgp dir liéu nhan tao

Your speech system needs more data that sounds as if it were taken from within a car. Rather than
collecting a lot of data while driving around, there might be an easier way to get this data: By
artificially synthesizing it.

Hé théng giong ndi clia ban can thém dir liéu nghe giong nhu dugc 1y tir trong xe hai. Thay vi thu
thap nhiéu di liéu trong khi lai xe, ban c6 thé 18y ching dé dang han bang téng hgp nhéan tao.

Suppose you obtain a large quantity of car/road noise audio clips. You can download this data
from several websites. Suppose you also have a large training set of people speaking in a quiet
room. If you take an audio clip of a person speaking and "add" to that to an audio clip of car/road
noise, you will obtain an audio clip that sounds as if that person was speaking in a noisy car. Using
this process, you can "synthesize" huge amounts of data that sound as if it were collected inside a
car.

Gia st ban c6 mét s6 lugng I8n doan 4m thanh ti€ng 6n xe hai/dudng phd. Ban cé thé tai dir liéu nay
tUr mot s6 trang web. Gia st ban cling c6 mot tap huan luyén I6n cla tiéng ngudi dang néi trong mét
can phong yén tinh. Néu ban ldy doan am thanh clia mot ngudi dang néi va "thém" vao mét doan am
thanh ti€ng 6n xe hai/dudng phd, thi ban s& cé dugc mét doan dm thanh nghe nhu thé ngudi dé
dang ndi trong mot chiéc xe 6n ao. Theo quy trinh ndy, ban cé thé "téng hgp" lugng dir liéu khéng 16
ma nghe nhu thé dugc ghi &m bén trong mét chiéc xe hai.

More generally, there are several circumstances where artificial data synthesis allows you to
create a huge dataset that reasonably matches the dev set. Let's use the cat image detector as a
second example. You notice that dev set images have much more motion blur because they tend
to come from cellphone users who are moving their phone slightly while taking the picture. You
can take non-blurry images from the training set of internet images, and add simulated motion
blur to them, thus making them more similar to the dev set.

Téng quat hon, cd mét s6 trudng hgp ma téng hop dir liéu nhan tao cho phép ban tao mét tap dir
liéu khéng 16 phu hgp véi tap phat trién. Hay st dung bd nhan dang anh méo lam vi du thé hai. Ban
nhan thdy rang, nhitng anh cla tap phat trién hay bi m& chuyén déng nhiéu hon bdi vi ching thudng
do ngudi diing dién thoai di déng tai Ién -- ho thudng haoi di chuyén dién thoai khi chup anh. Ban cé
thé 18y nhitng anh khdng bi ma tur tdp huan luyén cta anh Internet va thém vao mé phdng cda hiéu
{rng ma chuyén déng cho giéng vdi tap phat trién hon.

Keep in mind that artificial data synthesis has its challenges: it is sometimes easier to create
synthetic data that appears realistic to a person than it is to create data that appears realistic to a
computer. For example, suppose you have 1,000 hours of speech training data, but only 1 hour of
car noise. If you repeatedly use the same 1 hour of car noise with different portions from the
original 1,000 hours of training data, you will end up with a synthetic dataset where the same car
noise is repeated over and over. While a person listening to this audio probably would not be
able to tel—all car noise sounds the same to most of us -- it is possible that a learning
algorithm would "overfit" to the 1 hour of car noise. Thus, it could generalize poorly to a new
audio clip where the car noise happens to sound different.



Hay nhd rang téng hop di liéu nhén tao c6 nhiing thach thic clia né: déi khi dé dang tao ra di liéu
téng hop cd vé giéng that véi ngudi hon la tao dir liéu c6 vé gidng that véi may tinh. Gia sit ban ¢
1.000 gic¢ dit liéu huéan luyén giong ndi, nhung chi c6 mét gid tiéng 6n xe hoi. Néu ban lién tuc sur
dung cling mot gid tiéng 6n xe hai véi cac phan khac nhau tir 1.000 gid di liéu huan luyén ban dau,
ban sé& nhan dugc véi mét tap dir liéu téng hgp trong do ti€ng &n xe hai giéng nhau 13p di 1ap lai.
Mac du mot ngudi nghe am thanh ndy c6 thé sé khéng thé phan biét dugc -- vai phan I6n moi ngudi
thi tat ca ti€éng 6n clia xe hai déu giéng nhau -- nhung cé thé thuat toan hoc sé "qua khép" moét gid
ti€ng 6n cla xe haoi d6. Do dé, thuat toan cé thé khai quat kém khi gadp mot doan 4m thanh mdéi véi
tiéng 6n xe hai khac.
Alternatively, suppose you have 1,000 unique hours of car noise, but all of it was taken from just
10 different cars. In this case, it is possible for an algorithm to "overfit" to these 10 cars and
perform poorly if tested on audio from a different car. Unfortunately, these problems can be hard
to spot.

Ngoai ra, gia st ban c6 1.000 gid tiéng 6n xe hai khac biét, nhung tat cad déu dugc lay tur 10 chiéc xe
khac nhau. Trong trudng hgp nay, thuat toan c6 thé "quéa khdp" 10 chiéc xe nay va dat chat lugng
kém néu dugc thir nghiém trén am thanh tir mot chiéc xe khac. Bang tiéc la nhitng van dé nay thudng
kho phat hién.

To take one more example, suppose you are building a computer vision system to recognize cars.
Suppose you partner with a video gaming company, which has computer graphics models of
several cars. To train your algorithm, you use the models to generate synthetic images of cars.
Even if the synthesized images look very realistic, this approach (which has been independently
proposed by many people) will probably not work well. The video game might have ~20 car
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designs in the entire video game. It is very expensive to build a 3D car model of a car; if you were
playing the game, you probably wouldn’t notice that you're seeing the same cars over and over,
perhaps only painted differently. Le., this data looks very realistic to you. But compared to the set
of all cars out on roads—and therefore what you're likely to see in the dev/test sets—this set of
20 synthesized cars captures only a minuscule fraction of the world’s distribution of cars. Thus if
your 100,000 training examples all come from these 20 cars, your system will "overfit" to these 20
specific car designs, and it will fail to generalize well to dev/test sets that include other car
designs.

Ldy mét vi du nira, gid si ban dang xdy dung mot hé théng thi gidc may dé nhan dién xe hoi. Gia st
ban hgp tac véi mot cdng ty san xuat game c6 md hinh d6 hoa may tinh clia mot s6 xe hai. D€ huan
luyén thuat toan, ban st dung cdc md hinh nay dé tao ra hinh anh xe hai. Ngay ca khi cac hinh anh
téng hgp trong rat giéng that, phuong phap nay (da dudc nhiéu ngudi doc lap dé xuat) cd thé sé
khéng hoat ddng tét. Trong toan bd game c6 thé c6 gan ~20 thiét ké xe hai. Viéc xdy dung mét md
hinh 3D ctia mét chiéc xe hai rat tén kém; Néu ban tiing chai game, thi c6 |1& ban c6 thé nhan thay
rang phan I6n xe hgi trong game la gidng nhau va c6 & chi khac nhau vé mau son. Tuc la, dir liéu nay
tuy trong rat giong that véi ban, nhung so véi tap hgp tat ca cac xe hai trén dudng phd (hay nhiing gi
ban cé thé thay trong tap phat trién/ki€ém tra), thi bd 20 chiéc xe dugc téng hgp nay chi chi€ém mot
phan rat nho trong phan phdi xe hai trén toan thé gigi. Do d6, néu 100.000 mau hudn luyén clia ban
déu dén tir 20 chiéc xe nay, hé théng clia ban sé& "qua khdp" vai 20 thiét ké xe cu thé nay va sé khéng
thé khai quat t8t cho cac tap phat trién/kiém tra bao gém cac thiét ké xe khac.

When synthesizing data, put some thought into whether you're really synthesizing a
representative set of examples. Try to avoid giving the synthesized data properties that makes it
possible for a learning algorithm to distinguish synthesized from non-synthesized examples—such
as if all the synthesized data comes from one of 20 car designs, or all the synthesized audio
comes from only 1 hour of car noise. This advice can be hard to follow.

Khi t6ng hop di liéu, hay suy nghi k§ xem ban cé thuc sy téng hop dudc mét tdp cac mau mang tinh
dai dién hay khéng. C8 gang tranh dua ra cac thudc tinh dir liéu téng hgp ma thuét toan hoc ¢ thé
phan biét dugc mau nao la dugc téng hap véi mau nao khéng. Vi dy, néu tat ca dit liéu dugc téng
hop dén tir mot trong 20 thiét k& xe hoi hoac tat ca am thanh dugc téng hgp chi tir mét gid ti€ng 6n
xe hai. Loi khuyén nay déi khi la rat khé dé lam theo.

When working on data synthesis, my teams have sometimes taken weeks before we produced
data with details that are close enough to the actual distribution for the synthesized data to have a
significant effect. But if you are able to get the details right, you can suddenly access a far larger
training set than before.

Khi lam viéc vé t8ng hgp di liéu, cac nhém clia toi dbi khi phai mat hang tuan trdi dé tao ra dir liéu
Vi cac chi tiét db gan giéng véi phan phai thuc t€ dé c6 thé cho hiéu qua rd rét. Nhung néu ban cé
thé cé dugc cac chi tiét nay ddng, ban cé thé tic thi cd dugc mét tap huan luyén 1é6n hon nhiéu so véi
trudc day.



Part 7: Debugging inference
algorithms

Phan 7: G& loi cac Thuat toan
suy luan



44. The Optimization Verification test

44. Bai kiém tra xac minh t6i uu

Suppose you are building a speech recognition system. Your system works by inputting an audio
clip A, and computing some Scorea(S) for each possible output sentence S. For example, you
might try to estimate Scorea(S) = P(S|A), the probability that the correct output transcription is the
sentence S, given that the input audio was A.

Gia sut ban dang xay dung mot hé théng nhan dang giong noi. Hé théng hoat dong bang cach nhap
mot doan &m thanh A, va tinh toan mot gia tri Di€éma(S) cho méi cu dau ra kha di S. Vi du: ban cé thé
thir udc tinh Diéma(S) = P(S]A), tlic xac sudt ban ghi thoai dau ra chinh xac la cau S vdi diéu kién am
thanh dau vao la A.

Given a way to compute Scorea(S), you still have to find the English sentence S that maximizes it:

Khi cé cach tinh Diéma(S), ban van phai tim ciu tiéng Anh S dé t6i da hoa né:

DauRa = arg max Diem 4 (S)

How do you compute the "arg max" above? If the English language has 50,000 words, then there
are (50,000)N possible sentences of length N -- far too many to exhaustively enumerate.

Lam thé nao dé tinh toan dugc "arg max" & trén? Néu tiéng Anh c6 50.000 tir thi sé c6 (50.000)N cau
kha di c6 dé dai N -- qua nhiéu dé liét ké mét cach triét dé.

So, you need to apply an approximate search algorithm, to try to find the value of S that
optimizes (maximizes) Scorea(S). One example search algorithm is "beam search," which keeps
only K top candidates during the search process. (For the purposes of this chapter, you don't
need to understand the details of beam search.) Algorithms like this are not guaranteed to find
the value of S that maximizes Scorea(S).

Vi vy, ban can ap dung thuat toan tim ki€ém gan didng, dé ¢6 gang tim gia tri S nham t8i uu hoa (t6i
da hda) Diéma(S). Vi dy, vai thuat toan tim ki€m chum tia (beam search), thudt toan nay chi gilr K ing
vién hang dau trong qua trinh tim kiém. (D&i véi muc dich cla chuang nay, ban khéng can phai hiéu
chi tiét vé tim kiém chum tia.) Cac thuat toan nhu thé nay khéng dam bao dugc viéc tim gia tri cla S
ma t&i da hda Diéma(S).

Suppose that an audio clip A records someone saying "I love machine learning." But instead of
outputting the correct transcription, your system outputs the incorrect "I love robots." There are
now two possibilities for what went wrong:

Gia st rang mét doan am thanh A ghi lai mét ngudi nao dé ndi rang "Toi yéu thich hoc may". Tuy
nhién, thay vi xuat ra ban ghi thoai chinh xac, hé thong ctia ban lai dua ra mét phién ban khéng chinh
xac "Toi yéu thich ngusi may". Cé hai kha nang giai thich cho viéc thi€u chinh xac nay:

1. Search algorithm problem. The approximate search algorithm (beam search) failed to find
the value of S that maximizes Scorea(S).
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1. Van dé vé thuat toan tim kiém. Thuat toan tim ki€m gan dung (tim kiém chum tia) khéng thé
tim thay gia tri S théa man viéc t6i da hda DiEma(S).

2. Objective (scoring function) problem. Our estimates for Scorex(S) = P(S|A) were inaccurate.
In particular, our choice of Scorea(S) failed to recognize that "I love machine learning" is the
correct transcription.

2. Van dé vé ham muc tiéu (ham tinh diém). Udc lugng clia ching ta vé Diéma(S) = P(S|A) khéng
chinh xac. Cu thé, viéc chon cach tinh Diémx(S) that bai trong viéc xac dinh "Téi yéu thich hoc
may" la ban ghi thoai chinh xac.

Depending on which of these was the cause of the failure, you should prioritize your efforts very
differently. If #1 was the problem, you should work on improving the search algorithm. If #2 was
the problem, you should work on the learning algorithm that estimates Scorea(S).

Tuy thudc vao nguyén nhan nao dan dén that bai ma ban uu tién tip trung vao cac huéng giai quyét
khac nhau. Néu #1 1a van dé, ban nén cai thién thuat toan tim ki€m. Néu #2 la van dé, ban nén lam
viéc véi thudt toan hoc udc lugng DiEma(S).

Facing this situation, some researchers will randomly decide to work on the search algorithm;
others will randomly work on a better way to learn values for Scorea(S). But unless you know
which of these is the underlying cause of the error, your efforts could be wasted. How can you
decide more systematically what to work on?

DGi mat vai tinh hudng nay, mét s6 nha nghién cliu s& ngau nhién quyét dinh lam viéc trén thuat toan
tim ki€m; nhitng ngudi khac s& ngau nhién lam viéc theo cach tét hon dé thuat toan hoc cac gia tri
cho Diéma(S). Nhung néu ban khéng biét nguyén nhan nao trong sé ndy la nguyén nhan co ban tao
nén 16i, nd luc clia ban cé thé trd nén lang phi. Lam thé nao ban c6 thé quyét dinh nén lam gi mot
cach c6 hé thong han?

Let Sout be the output transcription ("I love robots"). Let S* be the correct transcription ("I love
machine learning"). In order to understand whether #1 or #2 above is the problem, you can
perform the Optimization Verification test: First, compute Scorea(S) and Scorea(Sout). Then
check whether Scorea(S") > Scorea(Sout)- There are two possibilities:

D3t Syt 1a ban ghi thoai dau ra ("T6i yéu thich ngudi may"). B4t S™ Ia ban ghi thoai chinh xac ("T6i yéu
thich hoc may"). D& hi€u van dé #1 hay #2 & trén la nguyén nhan, ban cé thé thuc hién Bai kiém tra
xac minh t6i uu: Dau tién, tinh Diéma(S") va Diéma(Sout). Sau dé kiém tra xem Diéma(S") >
Dieéma(Sout) €6 dung hay khéng. Cé hai kha nang:

Case 1: Scorep(S") > Scorea(Sout)
Trudng hop 1: Diém A(S") > Diém a(Sout)

In this case, your learning algorithm has correctly given S™ a higher score than So:. Nevertheless,
our approximate search algorithm chose Soy: rather than S”. This tells you that out your
approximate search algorithm is failing to choose the value of S that maximizes Score A(S). In this
case, the Optimization Verification test tells you that you have a search algorithm problem and
should focus on that. For example, you could try increasing the beam width of beam search.

Trong trudng hgp nay, thuat toan hoc clia ban da tinh S * cao hon Seyt. Tuy nhién, thuat toan tim kiém
gan ddng da chon Sgyt thay vi S”. Biéu nay cho ban biét réng thuat toan tim kiém gan ding cuia ban



c6 16i trong viéc chon gia tri S t6i da héa DiEéma(S). Trong trudng hop nay, Bai ki€m tra xac minh t&i
uu cho ban biét rang ban cé van dé vé thuat toan tim kiém va nén tap trung vao dé. Vi dy, ban co thé
thir tang dé rong chum tia ctia tim ki€ém chum tia.

Case 2: Scorep(S") < Scorea(Sout)
Trudng hop 2: DiEma(S") < Diéma(Sout)

In this case, you know that the way you're computing Scorea(.) is at fault: It is failing to give a
strictly higher score to the correct output S” than the incorrect Soyt. The Optimization Verification
test tells you that you have an objective (scoring) function problem. Thus, you should focus on
improving how you learn or approximate Scorea(S) for different sentences S.

Trong trudng hgp nay, ban biét viéc ban tinh toan Diém A(.) ¢6 16i: Khong thé cho diém dau ra chinh
xac S cao han han so véi Sout khéng chinh xéc. Bai ki€m tra xac minh t6i uu cho ban biét réng ban c6
van dé vé ham muc tiéu (tinh diém). Vi vay, ban nén tap trung vao viéc cai thién thuat toan hoc hoac
cach xap xi Bi€ma(S) cho cac cau S khac nhau.

Our discussion has focused on a single example. To apply the Optimization Verification test in
practice, you should examine the errors in your dev set. For each error, you would test whether
Scorea(S") > Scorea(Sout). Each dev example for which this inequality holds will get marked as an
error caused by the optimization algorithm. Each example for which this does not hold (Scorea(S")
< Scorea(Sout)) gets counted as a mistake due to the way you're computing Scorea(.).

Thao ludn clia ching ta téi gid mdi chi tap trung vao mot vi du duy nhat. D€ ap dung Bai ki€m tra xac
minh t8i uu trong thuc té, ban nén ki€m tra 16i trong tap phat trién ctia minh. Vi méi 16i, ban sé kiém
tra xem liéu Diéma(S") > Diéma(Sout) khdng. Mbi vi du trong tap phat trién ma bat dang thiic nay
thod man dugc danh dau 1a 16i gdy ra bdi thuat toan téi uu. M6i vi du khéng thda man (Diéma(S") <
Diéma(Sout)) dudc danh dau 1a mot 16i do cach tinh Diéma(.).

For example, suppose you find that 95% of the errors were due to the scoring function Scorea(.),
and only 5% due to the optimization algorithm. Now you know that no matter how much you
improve your optimization procedure, you would realistically eliminate only 5% of our errors.
Thus, you should instead focus on improving how you estimate Scorea(.).

Vi dy, giad st ban tim ra réng 95% cac 16i 1a do ham tinh diém Diéma(.) va chi 5% c6 nguyén do ti
phia thuat toan t6i uu. Gid ban biét rang du c6 cai thién qua trinh t&i uu thé nao thi ban cling chi c6
thé loai bd dudc khoang 5% 16i. Thay vao do, ban nén tap trung cai thién cach udc lugng Diéma(.).



45. General form of Optimization Verification test

45. Dang tong quat cua bai kiém tra xac minh t6i uu

You can apply the Optimization Verification test when, given some input x, you know how to
compute Scorex(y) that indicates how good a response y is to an input x. Furthermore, you are
using an approximate algorithm to try to find arg max, Scorex(y), but suspect that the search
algorithm is sometimes failing to find the maximum. In our previous speech recognition example,
x=A was an audio clip, and y=S was the output transcript.

Ban cé thé ap dung Bai kiém tra xac minh t6i uu khi, véi dau vao x, ban biét cach tinh Diém-(y) diing
dé thé hién mc dé phan hdi y t6t nhu thé nao vai x. Hon nita, ban dang st dung thuat toan gan
dlng dé c6 gang tim arg max, Diémx(y), nhung nghi ngd rang thuat toan tim kiém doi khi khong tim
thay gia tri I6n nhat. Trong vi du nhan dang giong néi trudc day, x=A la mot doan am thanh va dau ra
y=S la ban ghi thoai.

Suppose y* is the "correct" output but the algorithm instead outputs yout. Then the key test is to
measure whether Score«(y*) > Scores(yout). If this inequality holds, then we blame the
optimization algorithm for the mistake. Refer to the previous chapter to make sure you
understand the logic behind this. Otherwise, we blame the computation of Scorex(y).

Gia st y* 1a dau ra "chinh xac" nhung thuat toan thay vao doé tim ra yout. Khi dé bai kiém tra then chét
la do xem liéu Diéms(y*) > Diéms(yout) €6 ding hay khéng. Néu bat dang thirc nay ding thi ching ta
coi 16i la do thuat toan téi uu. Tham khao chuong truéc dé dam bao ban hiéu logic dang sau diéu
nay. Ngudac lai, ching ta coi 16i thudc vé cach tinh Diémx(y).

Let's look at one more example. Suppose you are building a Chinese-to-English machine
translation system. Your system works by inputting a Chinese sentence C, and computing some
Scorec(E) for each possible translation E. For example, you might use Scorec(E) = P(E|C), the
probability of the translation being E given that the input sentence was C.

Xem xét mot vi du nifa. Gia st ban dang xay dung mot hé théng dich may tu tiéng Trung sang ti€éng
Anh. Hé théng clia ban nhan mét cau tiéng Trung C va tinh gia tri Diémc(E) cho méi ban dich kha di E.
Vi duy, ban c6 thé st dung Diémc(E) = P(E|C), xac suét dich ra E véi cau dau vao C.

Your algorithm translates sentences by trying to compute:

Thuat toan ctia ban dich cac cau bang cach ¢é gang tinh:

DauRa = arg max Diem¢ (E)

However, the set of all possible English sentences E is too large, so you rely on a heuristic search
algorithm.

Tuy nhién, tap hgp cac cau tiéng Anh kha di £ qua 16n nén ban dya vao thuat toan tim kiém thuc
nghiém.

Suppose your algorithm outputs an incorrect translation Eqy¢ rather than some correct translation
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E*. Then the Optimization Verification test would ask you to compute whether Scorec(E*) >
Scorec(Equt). If this inequality holds, then the Scorec(.) correctly recognized E* as a superior
output to Eqy; thus, you would attribute this error to the approximate search algorithm.
Otherwise, you attribute this error to the computation of Scorec(.).

Gia sU thuat toan cho ra mét ban dich khong chinh xac Eqyt thay vi mét ban dich chinh xac E* nao do.
Khi d6 bai ki€m tra xac minh t6i uu s& yéu cau ban tinh toan xem liéu Diémc(E*) > Biémc(Eqyy) dung
hay khéng. Néu bat dang thic nay ding thi cach tinh Biémc(.) da nhan dang chinh xéac E* t6t hon so
V&i Egyt; do dé, ban sé coi 16i nay la do thuat toan tim kiém gén ding. Ngudc lai, ban coi 16i nay thuéc
vé cach tinh Diémc(.)

It is a very common "design pattern” in Al to first learn an approximate scoring function Scorex(.),
then use an approximate maximization algorithm. If you are able to spot this pattern, you will be
able to use the Optimization Verification test to understand your source of errors.

Pay 1a mét “mau thiét ké” rat phé bién trong Al khi dau tién hoc mét ham tinh diém gan ding

Piém:(.), sau d6 st dung mét thuat toan t6i da xap xi. Néu ban co6 thé phét hién ra ki€u mau nay, ban
sé co thé st dung Bai ki€m tra xac minh t&i uu dé hi€u ngudn géc |6i ciia minh.



46. Reinforcement learning example

46. Vi du vé Hoc tang cudng

Suppose you are using machine learning to teach a helicopter to fly complex maneuvers. Here is
a time-lapse photo of a computer-controller helicopter executing a landing with the engine
turned off.

Gia st nhu ban dang st dung hoc may dé day truc thang bay theo nhitng chuyén déng phuc tap. Day
la mét tdm anh time-lapse clia mét chiéc truc thang dugc may tinh diéu khién thuc hién viéc ha canh
khi dong ca da tat.

This is called an "autorotation" maneuver. It allows helicopters to land even if their engine
unexpectedly fails. Human pilots practice this maneuver as part of their training. Your goal is to
use a learning algorithm to fly the helicopter through a trajectory T that ends in a safe landing.

Pay dugc goi la ki thuat "quay tu dong". N6 cho phép truc thang ha canh ngay ca khi déng cgd bi
hong ngoai dy kién. Phi cong thuc hanh ki thuat bay nay nhu mot phan trong cong tac huan luyén
bay. Nhiém vu ctia ban la sit dung mét thuat toan hoc tap dé lai chiéc truc thang qua mét quy dao T
va két thic véi mot pha ha canh an toan.

To apply reinforcement learning, you have to develop a "Reward function" R(.) that gives a score
measuring how good each possible trajectory T is. For example, if T results in the helicopter
crashing, then perhaps the reward is R(T) = -1,000 -- a huge negative reward. A trajectory T
resulting in a safe landing might result in a positive R(T) with the exact value depending on how
smooth the landing was. The reward function R(.) is typically chosen by hand to quantify how
desirable different trajectories T are. It has to trade off how bumpy the landing was, whether the
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helicopter landed in exactly the desired spot, how rough the ride down was for passengers, and
so on. It is not easy to design good reward functions.

D€ ap dung hoc tang cudng, ban phai phat trién mét "ham diém thudng” R(.) tra vé mét chi s6 danh
gia mic do t6t cia moi quy dao T. LAy vi dy, néu T két thic bang viéc truc thang bi roi, thi c6 thé
nhan di€ém thuéng R(T) = -1.000 -- mét diém thudng am rat Ién. Mot quy dao T két thic bang viéc
truc thang ha canh an toan cé thé sé cho R(T) duang véi gia tri chinh xac phu thudc vao viéc ha canh
ém ai nhu thé nao. Ham diém thudng R(.) thudng dudc chon thl cong dé dinh lugng mic dd mong
mudén cta nhitng quy dao T khac nhau. Né phai danh déi gitra nhitng dac tinh nhu d6 x6c khi ha canh,
truc thang cé ha canh dung vi tri mong muon khong, qua trinh ha dé cao ¢ nhiéu bién dong doi véi
hanh khach khdng, cuing nhiéu yéu t6 khac. Thiét ké ham diém thudng tét la mét viéc khdng hé dé
dang.

Given a reward function R(T), the job of the reinforcement learning algorithm is to control the
helicopter so that it achieves max7R(T). However, reinforcement learning algorithms make many
approximations and may not succeed in achieving this maximization.

Vi mét ham diém thudng R(T) cho trudc, cdng viéc clia thuat toan hoc tang cudng la diéu khién truc
thang sao cho né dat dugc diém thudng cao nhat maxyR(T). Tuy nhién, thuét toan hoc tang cudng c6
nhiéu phép xap xi va cé thé sé khéng thanh cong trong viéc t6i uu nay.

Suppose you have picked some reward R(.) and have run your learning algorithm. However, its
performance appears far worse than your human pilot—the landings are bumpier and seem less
safe than what a human pilot achieves. How can you tell if the fault is with the reinforcement
learning algorithm—which is trying to carry out a trajectory that achieves maxyR(T) -- or if the
fault is with the reward function -- which is trying to measure as well as specify the ideal tradeoff
between ride bumpiness and accuracy of landing spot?

Gia su ban da c6 mét ham diém thudng R() nao dé va da chay thuat toan hoc cta ban. Tuy nhién,
chat lugng clia n6 con thua xa chat lugng ctia ngudi lai (vi du: ha canh x6c¢ han va ¢ vé kém an toan
han so vdi chat lugng clia phi cong). Ldm sao dé€ ban biét dugc liéu d6 co phai la 16i cla thudt toan
hoc tdng cudng -- dugc dung dé tinh todn mot quy dao dé téi da maxyR(T) -- hay la 16i clia ham
diém thudng -- dugc diing dé do cling nhu xac dinh mic danh daéi ly tudng gitta d6 xdéc clia chuyén
bay va dé chinh xac cta vi tri ha canh?

To apply the Optimization Verification test, let Thyman be the trajectory achieved by the human
pilot, and let Toy¢ be the trajectory achieved by the algorithm. According to our description
above, Thuman is a superior trajectory to Tout. Thus, the key test is the following: Does it hold true
that R(Thuman) > R(Tout)?

DE& ap dung Bai kiém tra xac minh t& uu, cho Tngyei la quy dao bay ctia phi cong va cho Tp, la quy dao
dat dugc cda thuat toan. Dya theo mo ta phia trén, Thgysi la quy dao tot hon so vdi Ty,. Do vay, bai
ki€m tra then chét Ia: Liéu c6 ding khong khi R(Thgusi) > R(Tra)?

Case 1: If this inequality holds, then the reward function R() is correctly rating Thuman as superior
to Tout- But our reinforcement learning algorithm is finding the inferior Toyt. This suggests that
working on improving our reinforcement learning algorithm is worthwhile.

Trudng hdp 1: Néu bat dang thic nay ddng, thi ham diém thudng R() dang danh gia ding rang
Thgusi VUGt tréi hon so véi Ta. Nhung vay thi thuat toan hoc tang cudng dang tim Ty, kém haon. Piéu
nay gdi y rang bod cong stic dé cai thién thut toan hoc tang cudng la xiing dang.



Case 2: The inequality does not hold: R(Thuman) £ R(Tout).- This mean R(.) assigns a worse score to
Thuman €ven though it is the superior trajectory. You should work on improving R(.) to better
capture the tradeoffs that correspond to a good landing.

Trudng hgp 2: B&t dang thic trén khéng dung: R(Thgusi) < R(Tra). TUc la R() dang gan cho Tpgysi mot
diém s6 té hon du cho nd la quy dao t6t hon. Ban nén cai thién R()) d€ c6 thé ndm bat viéc danh déi
gilta cac tiéu chi tuang duang véi mot cu ha canh tét.

Many machine learning applications have this "pattern® of optimizing an approximate scoring
function Scorey(.) using an approximate search algorithm. Sometimes, there is no specified input
X, so this reduces to just Score(.). In our example above, the scoring function was the reward
function Score(T) = R(T) , and the optimization algorithm was the reinforcement learning
algorithm trying to execute a good trajectory T.

Nhiéu tng dung machine learning c6 chung "khuén mau" 13 t6i uu xap xi mét ham tinh diém Diém, ()
st dung mot thuat toan tim ki€m xap xi. Doi khi, cling khong ton tai mét dau vao x dugc chi dinh
trudc vay nén ham chi con 1a Biém(.). Trong vi du trén, ham tinh diém chinh 13 ham diém thudng
Diém(T) = R(T) va thuét toan t&i uu la thuat toan hoc tdng cudng dang cé thuc thi mét quy dao bay T
tot.

One difference between this and earlier examples is that, rather than comparing to an "optimal"
output, you were instead comparing to human-level performance Thyman. We assumed Thyman is
pretty good, even if not optimal. In general, so long as you have some y* (in this example,
Thuman) that is a superior output to the performance of your current learning algorithm -- even if
it is not the "optimal” output -- then the Optimization Verification test can indicate whether it is
more promising to improve the optimization algorithm or the scoring function.

M6t diém khac biét so véi nhitng vi du trudc 3, thay vi so sanh vGi mét két qua "téi uu”, ban so sanh
vGi chat lugng mifc con ngudi Tnguei. Ching ta gia sif Thgusi kha la t6t, du c6 thé khong téi uu. Nhin
chung, mién la ban c6 két qua y* (trong vi du nay, Thguei) t6t han so véi thuat toan hoc hién thai --
mac du cé thé nd khdng phai la két qua "t6i uu" -- thi Bai ki€m tra xac minh t8i uu cé thé chi ra liéu
cai thién thuat toan t6i uu hay cai thién ham tinh diém sé hita hen hon.



Part 8: End-to-end deep
learning

Phan 8: Hoc sau dau-cuoi



47. The rise of end-to-end learning

47. Su troi diy cua hoc dau-cudi

Suppose you want to build a system to examine online product reviews and automatically tell you
if the writer liked or disliked that product. For example, you hope to recognize the following
review as highly positive:

Gia st ban muén xdy dung mét hé théng dé kiém tra danh gia phan héi clia san pham tryuc tuyén va
ty déng cho biét liéu ngudi viét cé thich san pham doé hay khéng. Vi dy, ban muén hé théng d6 phan
loai phan hoi dudi day la tich cyc:

This is a great mop!
Cay lau nha nay that tuyét!
and the following as highly negative:
va phan hoi dudi day la tiéu cuc:
This mop is low quality -- I regret buying it.
Cay lau nha nay that kém chat lugng -- T6i héi han vi d@ mua no.

The problem of recognizing positive vs. negative opinions is called "sentiment classification.” To
build this system, you might build a "pipeline" of two components:

Bai toan vé nhan dang quan diém tich cuc hoac tiéu cuc dugc goi la "phan loai cam xuc". D& xay dung
hé théng nay, ban co thé tao mét "pipeline" gébm hai phan:

1. Parser: A system that annotates the text with information identifying the most important
words.[15] For example, you might use the parser to label all the adjectives and nouns. You
would therefore get the following annotated text:

1. B6 phan tich cd phap: Mot hé thdng tao chu thich van ban trich xuat thong tin tur nhiing tur quan
trong nhat[15] .Vi du, ban c6 thé sit dung bd phan tich ci phap dé tao nhan cho tat ca tinh tir va
danh tir. TU do cé duoc doan chu thich nhu sau:

This is a greatadjective MOPNoun!
Cay lau nhapanh 1y NAy that tuyétrinp tif!

2. Sentiment classifier: A learning algorithm that takes as input the annotated text and predicts
the overall sentiment. The parser’s annotation could help this learning algorithm greatly: By
giving adjectives a higher weight, your algorithm will be able to quickly hone in on the
important words such as "great," and ignore less important words such as "this."

2. BO phan loai cdm xuc: M6t thuat toan hoc st dung déau vao 1a van ban da chd thich dé du doan
cam xuc téng thé. Nhitng chd thich clia bé phan tich ci phap c6 thé gitp ich thut toan hoc nay rat
nhiéu: Bang viéc tap trung hon vao cac tinh tu, thuat toan cé thé nhanh chéng xac dinh cac tu
guan trong nhu "tuyét”, va |G di nhitng tU it quan trong han nhu "nay".

We can visualize your "pipeline" of two components as follows:



Chiing ta cé thé hinh dung "pipeline” cta hai thanh phan nay nhu sau:

" - Van ban R R .
Van ban B phan tich | ga chu thich Bd phan loai

; . > . Paura
goc cu phap cam xuc

There has been a recent trend toward replacing pipeline systems with a single learning algorithm.
An end-to-end learning algorithm for this task would simply take as input the raw, original text
"This is a great mop!", and try to directly recognize the sentiment:

Xu hudng gan day la thay déi hé théng pipeline bdi mét thuat toan duy nhat. Mot thuat toan dau-
cudi cho tac vu nay chi can nhan vao doan van ban géc "Cay lau nha nay that tuyét!", réi c6 gang truc
ti€p nhan ra cdm xuc tu van ban goc do:

Van ban Thuat toan ]

gbe hQC J P Daura

Neural networks are commonly used in end-to-end learning systems. The term "end-to-end"
refers to the fact that we are asking the learning algorithm to go directly from the input to the
desired output. Le., the learning algorithm directly connects the "input end" of the system to the
"output end.”

Mang no-ron dugc st dung phé bién trong cac hé théng dau-cudi. Thuat nglr "dau-cudi” phan anh
viéc ching ta yéu cau thuat toan chay tryc ti€p tur dau vao cho dén dau ra mong muén: Thuat toan
hoc naéi tryc ti€p "dau vao" va "dau ra" cta hé thong.

In problems where data is abundant, end-to-end systems have been remarkably successful. But

they are not always a good choice. The next few chapters will give more examples of end-to-end
systems as well as give advice on when you should and should not use them.

Dai vdi cac van dé khi ma dir diéu rat phong pht, hé thong dau-cudi hoat dong kha hiéu qua. Tuy
nhién, khong phai ltic nao né ciing la mét Iua chon tét. Cac chuong ti€p theo sé cung cap thém mot
s8 vi du vé hé théng dau-cudi cling nhu I16i khuyén dé ban biét thai diém nao nén hodc khdng nén sur
dung chung.

FOOTNOTE:
GHI CHU

[15] parser gives a much richer annotation of the text than this, but this simplified description will
suffice for explaining end-to-end deep learning.

[15] B& phan tich c phap c6 thé cung cdp nhiéu hon cac cha thich tir van ban, tuy nhién dinh nghia
t6i gian nay 1a da dé giai thich cho hé théng hoc sau dau-cudi.
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48. More end-to-end learning examples

48. Nhirng vi du khac cua hoc dau-cuai.
Suppose you want to build a speech recognition system. You might build a system with three

components:

Gia s ban muén xay dung mét hé thédng nhan dang giong ndi. Ban c6 thé xay dung hé théng véi ba
thanh phan sau:

Céc dac trung MFCC Cac don am nhan
. ) ] thiét ké thud coén = . dang duoc . " .
Am Tinh toan J B6 nhan dang ang aue B& nhén dang Ban
thanh dac truwng am vi sau cuoi ghi thoai

The components work as follows:

Céac thanh phan sé hoat dong nhu sau:

1. Compute features: Extract hand-designed features, such as MFCC (Mel-frequency cepstrum
coefficients) features, which try to capture the content of an utterance while disregarding less
relevant properties, such as the speaker’s pitch.

1. Tinh toan céac dac trung: Trich xuat cac dac trung dugc thiét ké tha céng, vi du nhu dac trung
MFCC (Hé s6 Mel-frequency cepstrum), dugc st dung dé nam bat ndi dung clia doan phat biéu
trong khi bo qua nhiing thudc tinh it lién quan hon nhu am sac cda ngudi noi.

2. Phoneme recognizer: Some linguists believe that there are basic units of sound called
"phonemes." For example, the initial "k" sound in "keep" is the same phoneme as the "c"
sound in "cake." This system tries to recognize the phonemes in the audio clip.

2. Nhéan dién cac dm vi: M6t s6 nha ngén ngir hoc tin rang trong ngdn ngilt ¢ cac dan vi ¢ ban goi

la "am vi." Vi dy, am bat dau "k" trong tir "keep" thi phat &m giéng am "c" trong tU "cake". Hé
théng nay sé ¢ gang dé nhan dién cac 4m vi trong cac doan am thanh.

3. Final recognizer: Take the sequence of recognized phonemes, and try to string them together
into an output transcript.

3. B6 nhan dang cudi cung: Dung cac chudi &m vi da dugc nhan dang va ¢6 gang xau chudi chiing
v@i nhau thanh mét ban ghi thoai & dau ra.

In contrast, an end-to-end system might input an audio clip, and try to directly output the
transcript:

Mat khac, mot hé théng dau-cudi cd thé nhan dau vao la moét doan am thanh, va ¢ gang tra vé truc
ti€p mét ban ghi thoai:

Am A, : ] Ban
thanh ’[Th”at 1L h‘-’cJ P ohi thoai

So far, we have only described machine learning "pipelines" that are completely linear: the output
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is sequentially passed from one staged to the next. Pipelines can be more complex. For example,
here is a simple architecture for an autonomous car:

Cho dén gig, ching ta chi m&i mo ta cac "pipeline" hoc may tuyén tinh: dau ra dugc truyén tuan tu tu
giai doan nay sang giai doan khac. Nhigu pipeline c6 thé phlc tap hon nhu trong vi du vé mot hé
théng xe tu lai don gian sau:

-
" Phat hién
L xe hoi
Hinh anh Hoach dinh Hwéng
tr camera - ~ B dwdong di cho xe bé lai
5 Phat hién
L ngu&i di bé

It has three components: One detects other cars using the camera images; one detects
pedestrians; then a final component plans a path for our own car that avoids the cars and
pedestrians.

Hé théng bao gém ba thanh phan: Mot thanh phan phat hién nhitng xe khac qua nhitng hinh anh tu
may quay; Mot thanh phan khac phat hién ngudi di bg; thanh phéan cudi cing hoach dinh mét 16 trinh
gilp xe tranh nhitng xe khac va ngudi di bo.

Not every component in a pipeline has to be learned. For example, the literature on "robot
motion planning" has numerous algorithms for the final path planning step for the car. Many of
these algorithms do not involve learning.

Khéng phai moi thanh phan trong pipeline phai dugc huan luyén. Vi dy, cac nghién cltu vé "hoach
dinh chuyén déng cua robot" da co rat nhiéu thuat toan cho budc hoach dinh 16 trinh cla chiéc xe.
Trong dé c6 nhiéu thuat toan khéng yéu cau viéc huan luyén.

In contrast, and end-to-end approach might try to take in the sensor inputs and directly output
the steering direction:
Ngugc lai, huéng ti€p can dau-cudi cé thé cé gang ldy dau vao la nhiing tin hiéu cam bién va cho ra
truc ti€p két qua hudng lai:

Hinh anh )[Thuét toan ho(j ¥ Hlf@,n.g

tlr camera J

Even though end-to-end learning has seen many successes, it is not always the best approach. For
example, end-to-end speech recognition works well. But I'm skeptical about end-to-end learning
for autonomous driving. The next few chapters explain why.

Mac du phuang phap hoc dau-cudi da dat dugc nhiéu két qua tot, nd khong phai luon ludn la hudng
di tét nhat. Vi du, phuang phap nhan dang giong ndi dau-cudi dat két qua tot nhung t6i khéng tin
tudng viéc st dung hoc dau-cudi cho xe tu lai. Nhitng chuang ké tiép sé giai thich tai sao.
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49. Pros and cons of end-to-end learning

49. Uu nhugc diém cua hoc dau-cudi

Consider the same speech pipeline from our earlier example:
Xét mét vi du vé pipeline nhan dang tiéng ndi trong cac chuang trudc:

Cac dac trung MFCC Cac don am nhan
. ) B thiét ké thi coén = . ) dang duoc . " .
Am Tinh toan J B& nhan dang ang aue B& nhan dang Ban
thanh dac truwng am vi ) sau cuoi ghi thoai

Many parts of this pipeline were "hand-engineered":

Rat nhiéu thanh phan cua pipeline nay dugc "thiét ké thu cong".

e MFCCs are a set of hand-designed audio features. Although they provide a reasonable
summary of the audio input, they also simplify the input signal by throwing some information
away.

e MFCCs la mét tap hgp cac dac trung am thanh dugc thiét ké thu cong. Mac du ching cung cap
mot tom tat kha hgp ly cho dir liéu am thanh dau vao, ching cling da gian lugc tin hiéu dau vao
bang cach loai bd mot s6 thong tin.

® Phonemes are an invention of linguists. They are an imperfect representation of speech
sounds. To the extent that phonemes are a poor approximation of reality, forcing an algorithm
to use a phoneme representation will limit the speech system’s performance.

e Hé 4m vi la mét phat ki€n clia nganh ngdn ngit hoc. Ching 1a mét biéu dién khéng hoan hao cla
am thanh thoai. Trong nhitng trudng hgp ma hé am vi la mét xap xi kém cla thuc té, ap dat mot
thuat toan st dung mot biéu dién am vi sé gidi han chat lugng clia hé théng tiéng noi.

These hand-engineered components limit the potential performance of the speech system.
However, allowing hand-engineered components also has some advantages:

Céac thanh phan dugc thiét ké thd cong nay gidi han chat lugng tiém nang cla hé théng tiéng ndi. Tuy
nhién, viéc st dung cac thanh phan dugc thiét ké thu cong cling cé mét vai uu diém:

e The MFCC features are robust to some properties of speech that do not affect the content,
such as speaker pitch. Thus, they help simplify the problem for the learning algorithm.

e Pac trung MFCC c6 tinh khang tét d6i v8i mot vai thudc tinh khong anh hudng téi ndi dung cua
ti€ng ndi, chang han nhu cao dé cua giong néi. Bdi vay, ching gitp don gian hoa van dé cho thuat
toan hoc.

e To the extent that phonemes are a reasonable representation of speech, they can also help
the learning algorithm understand basic sound components and therefore improve its
performance.

o Nhitng trudng hop hé dm vi 1a mét bi€u dién kha hop ly cta ti€ng ndi, ching ciing cé thé giup
thuat toan hoc hi€u dugc cac thanh phan co ban cta dm thanh va vi vay cai thién chat lugng cla
hé théng.
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Having more hand-engineered components generally allows a speech system to learn with less
data. The hand-engineered knowledge captured by MFCCs and phonemes "supplements" the
knowledge our algorithm acquires from data. When we don’t have much data, this knowledge is
useful.
C4 nhiéu thanh phan dugc thiét ké thu cong hon nhin chung cho phép mét hé théng tiéng néi ¢ thé
hoc véi it dit liéu han. Dac trung dugc thiét k& thu cong bdi MFCC va dam vi "bu dap" dac trung thuat
toan lay dugc tu di liéu. Khi chiing ta khong cé nhiéu dit liéu, cac dac trung nay la hitu ich.

Now, consider the end-to-end system:

Bay gid, xét hé thong dau-cudi sau:

Am Ay, x ] Ban
thanh ’[Th”at e h‘-’cJ P hi thoai

This system lacks the hand-engineered knowledge. Thus, when the training set is small, it might

do worse than the hand-engineered pipeline.

Hé théng nay thi€u dac trung dugc thiét ké tha cong. B&i vay, khi tap hudn luyén nhd, né co thé cd
chat lugng té haon pipeline véi dac trung dugc thiét ké tha cong.

However, when the training set is large, then it is not hampered by the limitations of an MFCC or
phoneme-based representation. If the learning algorithm is a large-enough neural network and if
it is trained with enough training data, it has the potential to do very well, and perhaps even
approach the optimal error rate.

Tuy nhién, khi tdp huan luyén 16n, né khéng bi can trd bdi gidi han biéu dién cia MFCC hay hé &m vi.
Néu thuat toan hoc la mét mang no-ron du I6n va dugc huan luyén trén dir liéu du 16n, né ¢d tiém
nang hoat dong t6t va con cé thé dat dugc ti 1€ 16i t6i uu.

End-to-end learning systems tend to do well when there is a lot of labeled data for "both ends" --
the input end and the output end. In this example, we require a large dataset of (audio, transcript)
pairs. When this type of data is not available, approach end-to-end learning with great caution.

Hé thong hoc dau-cudi cé xu hudng lam viéc tét khi c6 nhiéu di liéu dugc gan nhan cho "ca hai dau”
-- dau vao va dau ra. Trong vi du nay, chiing ta can mot tap dir liéu I6n cac cap (am thanh, ban ghi).
Khi chiing ta khéng cé di liéu ki€u nay, can dac biét luu y khi st dung hoc dau-cudi.

If you are working on a machine learning problem where the training set is very small, most of
your algorithm’s knowledge will have to come from your human insight. Le., from your "hand
engineering" components.

Néu ban dang lam viéc véi mét bai toan hoc may ma tap huén luyén rat nho, hau hét cac dac trung
cho thuét toan phai dén tir hiéu biét clia con ngudi: TU cac thanh phan dugc "thiét ké tha cdng”.

If you choose not to use an end-to-end system, you will have to decide what are the steps in your
pipeline, and how they should plug together. In the next few chapters, we'll give some
suggestions for designing such pipelines.

Néu ban chon khong st dung hé théng dau-cudi, ban sé phai quyét dinh tiing budc trong pipeline
clia ban va cach ching dugc két néi véi nhau. Trong mét vai chuang tiép theo, chiing t6i sé cung cap
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mot vai gai y khi thiét ké cac pipeline dang nay.



50. Choosing pipeline components: Data availability

50. Lua chon cac thanh phan cho pipeline: Tinh san ¢6 cua
dir lieu
When building a non-end-to-end pipeline system, what are good candidates for the components
of the pipeline? How you design the pipeline will greatly impact the overall system's

performance. One important factor is whether you can easily collect data to train each of the
components.

Khi xay dung mét hé thong pipeline khéng phai dau-cudi, cac thanh phan nao la nhitng Uing vién t6t
cho pipeline? Cach ban thiét ké pipeline sé c6 tac dong I6n tGi toan bd chat lugng cua hé thong. Mot
nhan t6 quan trong la liéu rang ban cé thé dé dang thu thap di liéu dé hudn luyén méi thanh phan.

For example, consider this autonomous driving architecture:

Vi dy, xét kién truc xe ty hanh dudi day:

( )
5 Phat hién
s xe hoi )
Hinh anh Hoach dinh Hwéng
tlr camera - ~ 5 dwdong di cho xe bé lai
B Phat hién
L nguoi di bé )

You can use machine learning to detect cars and pedestrians. Further, it is not hard to obtain data
for these: There are numerous computer vision datasets with large numbers of labeled cars and
pedestrians. You can also use crowdsourcing (such as Amazon Mechanical Turk) to obtain even
larger datasets. It is thus relatively easy to obtain training data to build a car detector and a
pedestrian detector.

Ban c6 thé sir dung hoc may dé phat hién xe va ngudi di bo. Hon nita, khéng khé dé thu thap nhiing
di lieu nay: C6 vo van tap dit liéu thi gidc may tinh véi lugng 16n xe hai va ngudi di bo da dugc gan
nhan. Ban ciing c6 thé dung cac dich vu céng déng (Amazon Mechanical Turk chang han) dé c6 dugc
nhitng tap d liéu tham chi I6n hon. Bai vay kha dé dé thu thap dit liéu hudn luyén cho viéc xay dung
mot bd phat hién xe hai va phat hién ngudi di bo.

In contrast, consider a pure end-to-end approach:

Ngugc lai, xét mét hudng ti€p can thuan dau-cudi:

Hinh anh )[Thuét toan hc_>c1 »* Hlf’c’y,n.g

tlr camera J

To train this system, we would need a large dataset of (Image, Steering Direction) pairs. It is very
time-consuming and expensive to have people drive cars around and record their steering
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direction to collect such data. You need a fleet of specially-instrumented cars, and a huge amount
of driving to cover a wide range of possible scenarios. This makes an end-to-end system difficult
to train. It is much easier to obtain a large dataset of labeled car or pedestrian images.

DE huan luyén hé théng nay, ching ta s& can mot tap dif liéu 1én cac cap (Anh, Hudng Bé Lai). Sé rat
mat thai gian va tién cda dé thu thap dir liéu hudng bé 1ai bang cach cho ngudi lai xe trén dudng. Ban
can nhiing chi€c xe dugc gan cac thiét bj dac biét dé thu thadp mot lugng 16n dir liéu dam bao bao
quat day du cac tinh hudng kha di. Viéc nay khién hé thdng dau-cudi rat khd dé huan luyén. Viéc thu
thap mot tap dir lieu I6n véi anh xe haoi va ngudi di bo thudng don gian han rat nhiéu.

More generally, if there is a lot of data available for training "intermediate modules" of a pipeline
(such as a car detector or a pedestrian detector), then you might consider using a pipeline with
multiple stages. This structure could be superior because you could use all that available data to
train the intermediate modules.

Téng quat hon, néu co rat nhiéu dit liéu san cd dé€ huadn luyén "cac mé-dun trung gian® clia moét
pipeline (chang han nhu mét bé phat hién xe hoi va moét bé phat hién ngusi di bd), thi ban c6 thé
xem xét sir dung mét pipeline véi nhiéu budc. Kién tric nay cé thé uu viét bdi vi ban c6 thé sir dung
tat ca dit liéu san co dé huan luyén cac mé-dun trung gian.

Until more end-to-end data becomes available, I believe the non-end-to-end approach is
significantly more promising for autonomous driving: Its architecture better matches the
availability of data.

Cho tdi khi cé thém nhiéu dir liéu dau-cudi han nira, t6i tin rang hudng ti€p can khong phai dau-cudi
van co tiém nang dang ké han cho xe tu hanh: Kién tric ciia nd phu hgp hon véi tinh san ¢6 cda dit
lieu.



51. Choosing pipeline components: Task simplicity

51. Lua chon cac thanh phan cho pipeline: tinh don gian
cua tac vu

Other than data availability, you should also consider a second factor when picking components
of a pipeline: How simple are the tasks solved by the individual components? You should try to
choose pipeline components that are individually easy to build or learn. But what does it mean for
a component to be "easy" to learn?

Ngoai sy san c6 cta dit liéu, ban cling nén xem xét mot nhan t6 tht hai khi lua chon cac thanh phan
clia mét pipeline: Viéc gidi quyét tiing tac vu bang cac thanh phan riéng lé don gian dén mdc nao?
Ban nén ¢& gang chon nhiing thanh phan pipeline c6 thé dé dang xay dung hay hoc riéng lé. Nhung
cac thanh phan "dé" hoc nghia la gi?

Consider these machine learning tasks, listed in order of increasing difficulty:
Xét nhitng tac vu hoc may nay, dugc liét ké theo thit tu d6 kho tang dan:

1. Classifying whether an image is overexposed (like the example above)
1. Phan loai blic anh c6 bi phai sang qua muc hay khong (nhu trong vi du trén)

2. Classifying whether an image was taken indoor or outdoor
2. Phan loai burc anh dugc chup trong nha hay ngoai trai

3. Classifying whether an image contains a cat
3. Phan loai blc anh c6 chlira mot con méo hay khong

4. Classifying whether an image contains a cat with both black and white fur
4. Phan loai buic anh c6 chra mét con méo khoang den trang hay khéng

5. Classifying whether an image contains a Siamese cat (a particular breed of cat)
5. Phan loai blc anh c6 chlra mét con meo Xiém (tén mot loai meo) hay khong

Each of these is a binary image classification task: You have to input an image, and output either 0
or 1. But the tasks earlier in the list seem much "easier" for a neural network to learn. You will be
able to learn the easier tasks with fewer training examples.

MG&i tac vu trén |a mét bai toan phan loai anh nhj phan: tr mét blc anh dau vao, mé hinh phai cho ra
gia tri 0 hodc 1. Nhung nhiing tac vu dau tién trong danh sach nay c6 vé qué "dé" déi véi moét mang
na-ron. Ban sé& cé thé huan luyén nhiing tac vu dé hon véi it mau huan luyén han.
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Machine learning does not yet have a good formal definition of what makes a task easy or
hard[16]. With the rise of deep learning and multi-layered neural networks, we sometimes say a
task is "easy" if it can be carried out with fewer computation steps (corresponding to a shallow
neural network), and "hard" if it requires more computation steps (requiring a deeper neural
network). But these are informal definitions.

Hoc may chua cé mot dinh nghia chinh thlrc ndo vé mét tac vu la dé hay khd[16]. VGi su phéat trién
clia hoc s&u va mang no-ron da tang, chiing ta n6i mét tac vu la "dé" néu cé co thé dugc thuc hién
V@i it budc tinh toan han (Ung véi mang na-ron néng), va "khé" néu nd doi hdi nhiéu budc tinh toan
hon (doi hoi mot mang no-ron sau hon). Nhung day déu la cac dinh nghia khong chinh thirc.

If you are able to take a complex task, and break it down into simpler sub-tasks, then by coding in
the steps of the sub-tasks explicitly, you are giving the algorithm prior knowledge that can help it
learn a task more efficiently.

Néu ban cé thé 1ay mét tac vu phc tap, va chia nhd nd thanh nhitng tac vu con dan gian hon. Sau dé
bang cach viét ma ngudn cu thé cho tling tac vu con d6, ban dang cung cap cho thuat toan mét tri
thirc tién dé gitp n6 hoc mot tac vu hiéu qua han.

Suppose you are building a Siamese cat detector. This is the pure end-to-end architecture:

Gia sif ban dang xay dung bd phat hién mét con méo Xiém. Dudi day la mét kién tric thuan dau-cuéi:

s Bé phan loai -
Hinh anh ——=| &0 Xiém ——= Nhan 0/1

In contrast, you can alternatively use a pipeline with two steps:

Ngudac lai, ban cling c6 thé st dung mét pipeline véi hai budc sau:
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L Bo phat ».| BO phan loai o
Hinh anh ——»| !lién .. g . g' , : ——— Nhan 01

The first step (cat detector) detects all the cats in the image.

Budc dau tién (b6 phat hién meo) tim tat ca con meo trong bilc anh.

The second step then passes cropped images of each of the detected cats (one at a time) to a cat
species classifier, and finally outputs 1 if any of the cats detected is a Siamese cat.

Budc thir hai dua nhiing phan anh dugc cat ra tir bd phat hién méo (tiing phan mét) vao bé phan loai
meo, va cudi cung dua ra 1 néu c6 mot phan bat ky dugc xac dinh Ia mot con méo Xiém.
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B phan loai > Meéo Xiém?

giong meo (0/1)
Bo phan loai . Méo Xiém?
giong méo (0/1)

Compared to training a purely end-to-end classifier using just labels 0/1, each of the two
components in the pipeline -- the cat detector and the cat breed classifier -- seem much easier to
learn and will require significantly less data[17].

So vdi viéc huan luyén b6 phan loai thuan dau-cudi chi st dung nhan 0/1, ting phan cla pipeline --
bé phat hién méo va bd phén loai méo -- cd vé dé hon nhiéu dé€ hoc va doi hoi lugng dir liéu it
hon[17].

As one final example, let's revisit the autonomous driving pipeline.

Vi du cudi cung, cting nhin lai pipeline xe tu lai:

-
" Phat hién
L xe hoi )
Hinh anh Hoach dinh Huwéng
tir camera - ~ B dwdng di cho xe bé lai
b Phat hién
L nguoi di bé

By using this pipeline, you are telling the algorithm that there are 3 key steps to driving: (1) Detect
other cars, (2) Detect pedestrians, and (3) Plan a path for your car. Further, each of these is a
relatively simpler function -- and can thus be learned with less data -- than the purely end-to-end
approach.

Bang cach st dung pipeline nay, ban dang chi cho thuat toan rang c6 3 budc chinh dé lai xe: (1) Phat
hién nhitng chiéc xe hai khac, (2) Phat hién ngudi di bé va (3) Hoach dinh dudng di cho xe cua ban.
Ngoai ra, mdi budc nay 1a mot ham sé tuong déi don gian hon -- va cé thé dudgc hoc vdi it dit liéu
hon -- so v&i huéng ti€p can thuan dau-cudi.

In summary, when deciding what should be the components of a pipeline, try to build a pipeline
where each component is a relatively "simple" function that can therefore be learned from only a
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modest amount of data.

Toém lai, khi lya chon cac thanh phan cho mét pipeline, hdy ¢8 gang xdy dung mét pipeline ma mai
thanh phan la mét ham sé tuong déi "don gian" sao cho noé cé thé hoc dugc tir chi mét lugng dit liéu
vUa phai.

FOOTNOTE:
CHU THICH:

[16] Information theory has the concept of "Kolmogorov Complexity", which says that the
complexity of a learned function is the length of the shortest computer program that can produce
that function. However, this theoretical concept has found few practical applications in AL See
also: https://en.wikipedia.org/wiki/Kolmogorov_complexity

[16] Ly thuyét thong tin cé khai niém vé "B phic tap Kolmogorov", ly thuyét nay néi rang dé phc
tap clia ham s6 hoc dugc do bang dé dai clia chuong trinh may tinh ngan nhat dé tinh toan ham sé
do. Tuy nhién, khai niém ly thuyét nay it c6 Ung dung thuc té trong tri tué nhan tao. Xem thém
https://en.wikipedia.org/wiki/Kolmogorov_complexity

[17] If you are familiar with practical object detection algorithms, you will recognize that they do
not learn just with 0/1 image labels, but are instead trained with bounding boxes provided as part
of the training data. A discussion of them is beyond the scope of this chapter. See the Deep
Learning specialization on Coursera (http://deeplearning.ai) if you would like to learn more about
such algorithms.

[17] Néu ban quen véi cac thuat toan thuc t€ vé phat hién vat thé, ban sé& nhan ra rang ching khéng
chi hoc véi anh c6 nhédn 0/1 ma thay vao dé dugc huan luyén véi cac khung chira tir di liéu huan
luyén. Thao luan vé van dé dé nam ngoai pham vi clia chuagng nay. Tham khao khoa "Deep Learning
specialization" trén Coursera (http://deeplearning.ai) néu ban muén hoc thém vé thuat toan dé.


https://en.wikipedia.org/wiki/Kolmogorov_complexity
https://en.wikipedia.org/wiki/Kolmogorov_complexity
http://deeplearning.ai
http://deeplearning.ai

52. Directly learning rich outputs

52. Truc tiép hoc nhirng dau ra phuc tap
An image classification algorithm will input an image x, and output an integer indicating the object

category. Can an algorithm instead output an entire sentence describing the image?

M6t thudt toan phan loai s& nhan dau vao la mét anh x roi tra vé mét sé nguyén thé hién nhan phan
loai cla d6 véat trong anh d6. Thay vao dé, liéu mét thuat toan co thé dua ra mét cdu mo ta hoan
chinh cho buc anh do?

For example:

Vi du:

Ayéll’ow‘ bus driving down a road |
with green trees and green grass
in the background.

X =
y = "Avyellow bus driving down a road with green trees and green grass in the background."
y = "M0ét chiéc xe buyt mau vang dang di xung mét con dudng vdi nén xanh clia cay ¢o."

Traditional applications of supervised learning learned a function h: X—Y, where the output y was
usually an integer or a real number. For example:

Nhirng ('ng dung truyén théng cla cac thuat toan hoc cé gidm sat hoc mot ham h: X-Y, trong d6 dau
ra'y thuadng la mét s6 nguyén hoac mot sé thuc. Vi du:

Problem X Y

Spam classification Email Spam/Not spam (0/1)
Image recognition Image Integer label

Housing price prediction = Features of house Price in dollars

Product recommendation  Product & user features Chance of purchase

One of the most exciting developments in end-to-end deep learning is that it is letting us directly
learn y that are much more complex than a number. In the image-captioning example above, you
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can have a neural network input an image (x) and directly output a caption (y).

Bai toan X
Phan loai email rac Email
Nhan dang anh Anh

Dy doan gia nha dat  Pac trung cla can nha

Ggi y san pham

Y
email rac/ khong rac(0/1)
Nhén sé nguyén

Gia theo bo-la

Déc trung cua san pham va ngudi dung  Xac suat mua san pham

M6t trong nhitng huéng phat trién thi vi nhat clia hoc sdu dau-cudi la né cho phép ching ta truc ti€p
hoc nhitng két qua phuic tap hon rat nhiéu so véi dau ra cla viéc hoc truyén théng. Trong vi du chu
thich hinh anh & trén, ban cé thé cho hinh anh (x) vao mét mang nc-ron va truc ti€p thu vé mot cau

chd thich miéu ta hinh anh dé (y)
Here are more examples:

Dudi day la mét so vi du khac:

Problem
Image captioning
Machine translation
Question answering
Speech recognition
TTS

Bai toan

Ch thich hinh anh

Dich may

Hoi dap

Nhan dang giong noi

Van ban sang giong
noi

X

Image

English text

(Text, Question) pair
Audio

Text features
X
Anh
Van ban tiéng Anh

Cap (Van ban, Cau
héi)

Am thanh

Béc trung van ban

Y

Text

French text
Answer text
Transcription

Audio

Y

Van ban

Van ban tiéng

Phap

Van ban tra IGi

Ban ghi thoai

Am thanh

Example Citation

Mao et al.,, 2014
Suskever et al., 2014
Bordes et al., 2015
Hannun et al.,, 2015

van der Oord et al., 2016

Trich dan vi du

Mao et al., 2014

Suskever et al., 2014

Bordes et al., 2015

Hannun et al,, 2015

van der Oord et al,,
2016

This is an accelerating trend in deep learning: When you have the right (input,output) labeled

pairs, you can sometimes learn end-to-end even when the output is a sentence, an image, audio,
or other outputs that are richer than a single number.

Péy 13 mét xu hudng dang ngay cang phat trién trong hoc sau. Vi cac cap c6 nhan (dau vao, dau ra)
phu hgp, déi khi ban c6 thé hoc dau-cudi ngay ca khi dau ra la mét cau, hinh anh, &m thanh hodc cac
dau ra khac phtrc tap han nhiéu thay vi chi mot con sé.



Part 9: Error analysis by
parts

Phan 9: Phan tich loi tirng
phan



53. Error analysis by parts

53. Phan tich loi tirng phan

Suppose your system is built using a complex machine learning pipeline, and you would like to
improve the system’s performance. Which part of the pipeline should you work on improving? By
attributing errors to specific parts of the pipeline, you can decide how to prioritize your work.

Gia st hé thdng cla ban dudc xay dung dya trén mot pipeline hoc may phiic tap va ban muén cai
thién chat lugng cla né. Ban nén cai thién phan nao trong pipeline nay? Ban co thé sap xép thit ty uu
tién cdng viéc bang cach quy 16i cu thé cho tiing phan trong pipeline.

Let's use our Siamese cat classifier example:

Hay st dung vi du bd phan loai méo Xiém clia ching ta:

Bé phat o | BG phén loai

Hinh anh —— | e e | e ——»= Nhan 01

The first part, the cat detector, detects cats and crops them out of the image. The second part, the
cat breed classifier, decides if it is a Siamese cat. It is possible to spend years working on
improving either of these two pipeline components. How do you decide which component(s) to
focus on?

Phan dau tién, bd phat hién méo xac dinh vi tri cia méo va cat ching ra khéi tdm anh. Phan th( hai,
b6 phan loai giong meo xac dinh xem doé c6 phai la mot con méo Xiém hay khong. Viéc cai thién bat
ki b6 phan nao trong pipeline nay ciing cé thé tén tSi hang nam trai. Ldm sao dé ban quyét dinh
dudgc (nhitng) bo phan nao can tap trung cai thién?

By carrying outerror analysis by parts, you can try to attribute each mistake the algorithm
makes to one (or sometimes both) of the two parts of the pipeline. For example, the algorithm
misclassifies this image as not containing a Siamese cat (y=0) even though the correct label is

y=1
Bang viéc thuc hién phan tich 16i tirng phan, ban c6 thé cd quy trach nhiém cho mét (hoac déi khi la
ca hai) phan trong pipeline trén tiing dy doan sai cla thuat toan. Vi dy, thuat toan phan loai sai tdm
anh nay khong cé moét con meéo Xiém & trong do6 (y=0) mdc du nhén chinh xac la y=1.
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Let's manually examine what the two steps of the algorithm did. Suppose the Siamese cat
detector had detected a cat as follows:

Hay kiém chiing mot cach thi cong xem hai budc cta thuét toan da lam gi. Gia sit bo phat hién méo
Xiém da phat hién ra mét chi meo nhu dudi day:

This means that the cat breed classifier is given the following image:

Turc la bo phén loai giébng méo dugc dua cho tadm hinh sau:
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The cat breed classifier then correctly classifies this image as not containing a Siamese cat. Thus,
the cat breed classifier is blameless: It was given of a pile of rocks and outputted a very
reasonable label y=0. Indeed, a human classifying the cropped image above would also have
predicted y=0. Thus, you can clearly attribute this error to the cat detector.

Sau d6, bd phéan loai giéng meo xac dinh chinh xac rang tdm hinh nay khéng c6 meo Xiém. Vay nén,
bé phan loai gidng méo khéng c6 16i: N6 dugc dua cho cho xem mot déng da va tra ra nhan y=0 rat
hgp ly. Vi trén thyc t€, con ngudi cling phan loai tdm anh toan da & trén la khong c6 méo ma théi --
y=0. Do vy, ban ré rang cé thé quy I6i nay cho b phat hién méo.

If, on the other hand, the cat detector had outputted the following bounding box:

Mat khac, néu gia str bo phat hién méo co cho ra két qua khung chita nhu dudi day:

then you would conclude that the cat detector had done its job, and that it was the cat breed
classifier that is at fault.

thi ban sé két luan rang bd phat hién méo da hoan thanh cong viéc cta no, va 16i la do bd phan loai
gidbng meo ma ra.

Say you go through 100 misclassified dev set images and find that 90 of the errors are
attributable to the cat detector, and only 10 errors are attributable to the cat breed classifier. You
can safely conclude that you should focus more attention on improving the cat detector.
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Gia su ban ki€ém chirng 100 td&m anh bi phan loai nham trong tap phat trién va nhan ra rang 90 trong
s6 dd la do 16i cia bd phat hién méo, chi c6 10 tdm la do 16i ctia bd phén loai giéng méo. Ban cé thé
an toan két luan rang minh nén tap trung nhiéu han vao viéc cai thién bd phat hién meo.

Further, you have now also conveniently found 90 examples where the cat detector outputted
incorrect bounding boxes. You can use these 90 examples to carry out a deeper level of error
analysis on the cat detector to see how to improve that.

Ngoai ra, ban cling da tim ra 90 m3u ma b6 phat hién méo tra vé khung chlra chua chinh xéac. Ban c6
thé st dung 90 mau nay dé thuc hién viéc phan tich 16i ki hon trén bé phat hién méo va tim cach cai
thién no.
Our description of how you attribute error to one part of the pipeline has been informal so far:
you look at the output of each of the parts and see if you can decide which one made a mistake.
This informal method could be all you need. But in the next chapter, you'll also see a more formal
way of attributing error.

Viéc lam thé nao dé quy 16i cho mét phan cua pipeline van dang dugc mé td mét cach khong hap
thirc: ban nhin vao dau ra ciia moi phan dé xem liéu cé thé quyét dinh phan nao gy ra 16i. Phuong
phap khéng hgp thiic nay c6 thé 1a dd vdi ban. Tuy nhién & chuong sau, ban sé thdy mét cach hop
thirc hon cua viéc quy 16i.



54. Attributing error to one part

54. Quy loi cho mét thanh phan
Let's continue to use this example:

Cung tiép tuc vai vi du nay:
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Suppose the cat detector outputted this bounding box:

Gia st b6 phat hién meo cho két qua khung chira nhu sau:

The cat breed classifier is thus given this cropped image, whereupon it incorrectly outputs y=0, or
that there is no cat in the picture.

Khi dé bé phan loai gibng méo nhan mot vung anh, va cho két qua khong chinh xac la y=0, tlc la
khoéng c6 con méo nao trong hinh.
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The cat detector did its job poorly. However, a highly skilled human could arguably still recognize
the Siamese cat from the poorly cropped image. So do we attribute this error to the cat detector,
or the cat breed classifier, or both? It is ambiguous.

B6 phéat hién méo da hoat dong khéng tét. Tuy nhién, mét ngudi giau kinh nghiém van cé thé nhan
dang méo Xiém tir blrc anh bj cat léch. Trudng hgp nay ching ta nén quy 16i cho bé phat hién meéo,
b6 phan loai gidong meéo, hay la ca hai? Co6 sy khong rd rang & day.

If the number of ambiguous cases like these is small, you can make whatever decision you want
and get a similar result. But here is a more formal test that lets you more definitively attribute the
error to exactly one part:

Néu sé lugng cac trudng hgp khong rd rang la nho, thi bat ky quyét dinh nao ma ban lya chon déu sé
dat két qua tuang duang. Tuy nhién mot bai ki€ém tra hgp thiic han sé& gidp ban quy 16i chinh xac cho
mot thanh phan:

1. Replace the cat detector output with a hand-labeled bounding box.

1. Thay dau ra ctia bd phat hién méo bang mét khung chira thi cong:
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2. Run the corresponding cropped image through the cat breed classifier. If the cat breed
classifier still misclassifies it, attribute the error to the cat breed classifier. Otherwise, attribute
the error to the cat detector.

2. Nap anh bi cat tuong Ung vao bd phan loai giong méo. Néu bd phan loai gidng méo van phan
loai sai thi quy 16i cho bé phan loai giéng méo. Ngugc lai thi quy 16i cho bé phat hién méo.

In other words, run an experiment in which you give the cat breed classifier a "perfect" input.
There are two cases:

Noi cach khac, thuc hién thir nghiém ma & dé ban cung cap cho b phan loai giong meo mét dau vao
"hoan hado". Hai trudng hop cé thé xay ra:

e Case 1: Even given a "perfect" bounding box, the cat breed classifier still incorrectly outputs
y=0. In this case, clearly the cat breed classifier is at fault.

e Trudng hap 1: K€ ca véi mét khung chlra "hoan hao", bd phan loai giéng meéo van dua ra két qua
khéng chinh xac y=0. Trong trudng hop nay ré rang la bé phan loai giéng méo co 16i.

e Case 2: Given a "perfect" bounding box, the breed classifier now correctly outputs y=1. This
shows that if only the cat detector had given a more perfect bounding box, then the overall
system’s output would have been correct. Thus, attribute the error to the cat detector.

e Trudng hgp 2: V&i mot khung chira "hoan hao", bo phan loai giéng méo dua ra két qua chinh xac
y=1. Biéu nay cho thay néu b phat hién méo c6 thé dua ra khung chira chinh xac hon, thi két qua
téng thé clia toan hé théng sé dudc cai thién. Trong trudng hap nay bé phat hién méo c¢é 16i.

By carrying out this analysis on the misclassified dev set images, you can now unambiguously
attribute each error to one component. This allows you to estimate the fraction of errors due to
each component of the pipeline, and therefore decide where to focus your attention.

Bang cach phén tich cac anh bi phan loai sai trén tap phat trién, ban c6 thé quy 16i chinh xac cho mét
thanh phan. Diéu nay cho phép ban udc tinh ti 1é 16 cho tiing thanh phan cla pipeline, tir d6 quyét
dinh thanh phan can tap trung khac phuc.



55. General case of error attribution

55. Trudng hgp tdng quat cua viéc quy loi

Here are the general steps for error attribution. Suppose the pipeline has three steps A, B and C,
where A feeds directly into B, and B feeds directly into C.

Péy la nhitng budc téng quét cho viéc quy 16i. Gia sit mét pipeline ¢ ba thanh phan A, B va C; trong
dd A cung cap thong tin truc ti€p cho B, va B cung cap thong tin truc tiép cho C.

Pau vao —p[ A ]—b[ B ]—b Paura

For each mistake the system makes on the dev set:

Vi tiing 16i clia hé théng trén tap phat trién:

1. Try manually modifying As output to be a "perfect” output (e.g., the "perfect” bounding box
for the cat), and run the rest of the pipeline B, C on this output. If the algorithm now gives a
correct output, then this shows that, if only A had given a better output, the overall algorithm'’s
output would have been correct; thus, you can attribute this error to component A. Otherwise,
go on to Step 2.

1. Th& diéu chinh thi cong két qua dau ra & A cho "hoan hao" (vi dy, mét khung chira hinh méo
"hoan hao"), va sau do tién hanh chay thuat toan cho pipeline gém c6 B va C véi dau ra nay. Néu
thuat toan tra vé két qua cudi cling chinh xac, diéu do chi ra rang, thuat toan sé cho ra két qua
chinh xac néu A tra vé két qua tét hon. Vay ta cé thé quy 16i cho A. Néu khdng, ta sé kiém ching
thém & budc 2.

2. Try manually modifying B’s output to be the "perfect" output for B. If the algorithm now gives
a correct output, then attribute the error to component B. Otherwise, go on to Step 3.

2. Thu diéu chinh thi cong két qua dau ra & cong doan B cho "hoan hao". Néu thuat toan cho ra két
qua dau ra cudi cung chinh xac, ta c thé quy 16i cho B. Ngudc lai, ta ti€én hanh budc 3.

3. Attribute the error to component C.
3. Quy I6i cho thanh phan C.
Let's look at a more complex example:

Chung ta hay cung tim hiéu mét vi du phiic tap hon sau day:

-
5 Phat hién
. xe hoi J
Hinh anh Hoach dinh Hwoéng
tir camera - ~ b dwong di cho xe bé lai
5 Phat hién
L ngu¢i di bé
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Your self-driving car uses this pipeline. How do you use error analysis by parts to decide which
component(s) to focus on?

Xe tu lai cla ban st dung pipeline nhu trén. Ban s& st dung ky thuat phan tich 16i tiing phan nhu thé
nao dé quyét dinh (nhiing) thanh phan nao can tap trung cai thién?

You can map the three components to A, B, C as follows:
A: Detect cars

B: Detect pedestrians

C: Plan path for car

Ban c6 thé goi tén ba thanh phan trong hé théng la A, B, C tuong (ing vdi cac chiic nang nhu sau:
A: Phat hién xe hai

B: Phat hién ngudi di bo

C: Hoach dinh dudng di cho xe

Following the procedure described above, suppose you test out your car on a closed track and
find a case where the car chooses a more jarring steering direction than a skilled driver would. In
the self-driving world, such a case is usually called a scenario. You would then:

VGi hé théng xe tu hanh mo ta nhu trén, gia st ban kiém tra xe clia ban trén mét cung dudng kin va
xac dinh trudng hgp nao xe chon hudng bé lai giat nhiéu han so véi mét ngudi lai cé kinh nghiém
diéu khién. Trong linh vuc lai xe ty déng, mét trudng hop nhu thé thudng dugc goi la "tinh huéng".
Ban can thuc hién:

1. Try manually modifying A (detecting cars)'s output to be a "perfect” output (e.g., manually go
in and tell it where the other cars are). Run the rest of the pipeline B, C as before, but allow C
(plan path) to use As now perfect output. If the algorithm now plans a much better path for
the car, then this shows that, if only A had given a better output, the overall algorithm'’s output
would have been better; Thus, you can attribute this error to component A. Otherwise, go on
to Step 2.

1. Thu diéu chinh tha cong két qua dau ra cda thanh phan A (phat hién xe hai) sao cho "hoan hao" (vi
du, cho xe biét vi tri cla nhitng chiéc xe khac). Sau do ti€p tuc chay phén con lai clia pipeline gém
c6 B, C, nhung cho phép C (hoach dinh dudng di) st dung dau ra da hoan hao clia A. Néu thuat
toan hoach dinh dudng di cho xe t6t hon, diéu do6 cho thay rang, két qua cudi cung clia thuat toan
tu 1ai sé dugc cai thién néu ma A tra vé két qua tét hon. Nhu vay, ban cé thé quy 16i cho A. Néu
khong, ta ti€p tuc budc 2.

2. Try manually modifying B (detect pedestrian)’s output to be the "perfect” output for B. If the
algorithm now gives a correct output, then attribute the error to component B. Otherwise, go
on to Step 3.

2. Thu diéu chinh thu cong két qua déau ra & cong doan B (phat hién nguai di bd) cho "hoan hao".
Néu thuét toan cho két qua dau ra cudi ciing chinh xac, ta cé thé quy 16i cho B. Ngudc lai, ta ti€n
hanh budc 3.

3. Attribute the error to component C.
3. Quy I6i cho thanh phan C.

The components of an ML pipeline should be ordered according to a Directed Acyclic Graph



(DAG), meaning that you should be able to compute them in some fixed left-to-right order, and
later components should depend only on earlier components’ outputs. So long as the mapping of
the components to the A->B->C order follows the DAG ordering, then the error analysis will be
fine. You might get slightly different results if you swap A and B:

Cac thanh phan cta mét mé hinh hoc may dang pipeline nén dugc sap xép theo D6 thi cd huéng
khéng chu trinh (Directed Acyclic Graph - DAG), nghia la ban c6 thé tinh toan chidng theo th( tu ¢é
dinh tUr trai sang phai nao do, va cac thanh phan sau chi nén phu thudc vao dau ra cla cac thanh phan
trudc dé. Mién 13 viéc xau chudi cac thanh phan theo thir tu A->B->C tuan thu theo quy tac DAG, thi
viéc phan tich 16i s& dién ra t6t dep. Ban c6 thé nhan dudc cac két qua hai khac nhau néu hoéan
chuyén vi tri cia A va B cho nhau nhu sau:

A: Detect pedestrians (was previously Detect cars)
A: Phat hién ngudi di bd (trudc day la Phdt hién xe)
B: Detect cars (was previously Detect pedestrians)
B: Phat hién xe (trudc day la Phadt hién nguoi di bd)
C: Plan path for car
C: Hoach dinh dudng di cho xe

But the results of this analysis would still be valid and give good guidance for where to focus your
attention.

Nhung cac két qua cla viéc phan tich 16i s& van hgp 1é va cho ta dinh hudng tdi nhitng thanh phan
nao can tap trung cai thién.



56. Error analysis by parts and comparison to human-
level performance

56. Phan tich loi tirng phan va so sanh véi chat lugng mirc
con nguci

Carrying out error analysis on a learning algorithm is like using data science to analyze an ML
system'’s mistakes in order to derive insights about what to do next. At its most basic, error
analysis by parts tells us what component(s) performance is (are) worth the greatest effort to
improve.

Thuc hién phan tich 16i ctia thuat todn hoc giéng vdi viéc sit dung khoa hoc di liéu phan tich 16i cua
hé théng hoc may dé biét chinh xac nhitng viéc can lam ké ti€p. Co ban nhat, phan tich 16i tiing phan
sé cho ta biét dugc chat lugng cla (nhitng) phan nao can dugc cai thién.

Say you have a dataset about customers buying things on a website. A data scientist may have
many different ways of analyzing the data. She may draw many different conclusions about
whether the website should raise prices, about the lifetime value of customers acquired through
different marketing campaigns, and so on. There is no one "right" way to analyze a dataset, and
there are many possible useful insights one could draw. Similarly, there is no one "right" way to
carry out error analysis. Through these chapters you have learned many of the most common
design patterns for drawing useful insights about your ML system, but you should feel free to
experiment with other ways of analyzing errors as well.

Gia st ban c6 bd dir liéu vé khach hang mua doé trén mot trang mang. Mét nha khoa hoc di liéu cé
thé co rat nhiéu cach khac nhau dé phan tich di liéu dé. Ngudi d6 cé thé dua ra nhiéu két luan khac
nhau nhu c6 nén tang gia, gia tri vong dai khach hang dat dugc thdng qua cac chién dich tiép thi khac
nhau, v.v. Khéng c6 mot viéc phan tich dit liéu "chuan muc" nao, va c6 thé cé rat nhiéu két luan hitu
ich c6 thé rat ra. Tuong tu, khéng chi c6 mét cach "chudn muc" cho viéc thuc hién phan tich 16i.
Théng qua cac chuang nay ban da hoc dugc nhitng cach phd bién nhat dé rat ra nhitng nhan dinh
chinh xéac vé hé théng hoc may clia ban, nhung ban cling nén thr nghiém nhiing phuang phéap phan
tich 16i khéac.

Let's return to the self-driving application, where a car detection algorithm outputs the location
(and perhaps velocity) of the nearby cars, a pedestrian detection algorithm outputs the location of
the nearby pedestrians, and these two outputs are finally used to plan a path for the car.

Chung ta hay quay trd lai ing dung xe tu lai, trong d6 thuat toan phat hién xe dua ra vi tri (c6 thé ¢
thém van téc) clia nhitng chiéc xe gan do, thuat toan phat hién ngudi di bo dua ra vi tri clia nguai di
bé gan dé, va hai dau ra nay cudi cing dugc st dung dé hoach dinh dudng di cho xe.



Phat hién
xe hoi )
Hinh anh Hoach dinh Huwéng
tlr camera ~ 5 dwdong di cho xe bé lai
5 Phat hién
nguoi di bé

To debug this pipeline, rather than rigorously following the procedure you saw in the previous
chapter, you could more informally ask:

D€ kiém tra 16i pipeline nay, thay vi tudn thu nghiém ngat quy trinh da thdy trong chuong trudc, ban
nén dat nhitng cau hdi nhu:

1. How far is the Detect cars component from human-level performance at detecting cars?
1. Cach biét vé kha nang xac dinh xe gira thuat toan va con ngudi la bao xa?

2. How far is the Detect pedestrians component from human-level performance?
2. Cach biét vé kha nang phat hién ngudi di bo gilra thuat toan va con ngudi la bao xa?

3. How far is the overall system’s performance from human-level performance? Here, human-
level performance assumes the human has to plan a path for the car given only the outputs
from the previous two pipeline components (rather than access to the camera images). In
other words, how does the Plan path component’s performance compare to that of a human'’s,
when the human is given only the same input?

3. Céach biét gitta kha nang clia toan hé thdng va con ngudi t6i ¢ nao? O day, chat lugng clia con
ngudi dugc gia su la cach con ngudi tinh dudng di cho xe chi dya vao két qua dau ra tu hai thanh
phén trudc dé trong pipeline (thay vi dya vao hinh anh camera). Néi cach khac, véi cling thong tin
dau vao, kha nang udc lugng dudng di ctia thuat toan so véi con ngudi sé nhu thé nao?

If you find that one of the components is far from human-level performance, you now have a
good case to focus on improving the performance of that component.

Néu ban thay rang mét trong nhitng thanh phan nay thua xa chat lugng miic con ngudi, thi bay gig
ban biét phan nao can dugc cai thién. Hay tap trung vao viéc cai thién chat lugng ctia phan do.

Many error analysis processes work best when we are trying to automate something humans can
do and can thus benchmark against human-level performance. Most of our preceding examples
had this implicit assumption. If you are building an ML system where the final output or some of
the intermediate components are doing things that even humans cannot do well, then some of
these procedures will not apply.

Nhiéu quy trinh phéan tich 16i hoat déng t6t nhat khi ching ta c8 gang tu déng héa mét thr gi dé ma
con ngudi c6 thé lam, do dé cé thé so sanh vai con ngudi. Hau hét cac vi du trudc cda ching ta ngam
gia dinh diéu nay. Néu ban dang xay dung mot hé théng hoc may trong dé dau ra hoac mét sé thanh
phan trung gian dang lam nhitng viéc ma tham chi con ngudi khéng thé lam tét, thi mét trong s6
nhitng quy trinh nay sé khdng dugc ap dung.

This is another advantage of working on problems that humans can solve--you have more
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powerful error analysis tools, and thus you can prioritize your team’'s work more efficiently.

Day la mét thuén lgi cla viéc giai quyét cac van d& ma con ngudi c6 thé giai quyét--ban c6 cac cong
cu manh mé dé phan tich 16i, do dé ban cé thé uu tién cac cdng viéc trong nhom mot cach hiéu qua
han.



57. Spotting a flawed ML pipeline

57. Phat hién mét pipeline hoc may bi loi

What if each individual component of your ML pipeline is performing at human-level
performance or near-human-level performance, but the overall pipeline falls far short of human-
level? This usually means that the pipeline is flawed and needs to be redesigned. Error analysis
can also help you understand if you need to redesign your pipeline.

Néu mdi thanh phan don |é trong pipeline hoc may cla ban déu hoat déng & chat lugng muc con
ngudi hoac gan miic con ngudi, nhung pipeline téng thé lai kém xa mdc con ngudi thi sao? Diéu nay
thudng cd nghia la pipeline c6 16i va can dugc thiét ké lai. Viéc phan tich 16i c6 thé gilp ban nhan
dinh liéu ban c6 can thiét ké lai pipeline ciia minh.

-
Phat hién
)L xe hoi )
Hinh anh Hoach dinh Huwéng
tir camera - ~ B dwdng di cho xe bé lai
b Phat hién
L nguoi di bé

In the previous chapter, we posed the question of whether each of the three components’
performance is at human level. Suppose the answer to all three questions is yes. That is:

Trong chuong trudc, ching ta da dat cau hdi liéu méi trong s6 ba thanh phan cd & chat lugng miic
con ngudi. Gia sur cau tra I5i cho ca ba cau hdi la cé. biéu do6 cé nghia la:

1. The Detect cars component is at (roughly) human-level performance for detecting cars from
the camera images.

1. Thanh phan Phat hién xe haoi dat chat lugng (xap xi) mdc con ngugi trong viéc phat hién xe hai ti
anh camera.

2. The Detect pedestrians component is at (roughly) human-level performance for detecting cars
from the camera images.

2. Thanh phan Phat hién ngudi di bd dat chat lugng (xap xi) mdc con ngudi trong viéc phat hién xe
hoi tur anh camera.

3. Compared to a human that has to plan a path for the car given only the outputs from the
previous two pipeline components (rather than access to the camera images), the Plan path
component’s performance is at a similar level.

3. So sdnh vdi mét nguoi phdi ldp ké hoach dudng di cho xe khi chi dua trén dau ra cua hai thanh
phdn pipeline trudc do (thay vi dugc tiép cdn vdi hinh dnh tor camera), thanh phan Lap ké hoach c6
chét lugng & murc tuang duong.

However, your overall self-driving car is performing significantly below human-level
performance. Le., humans given access to the camera images can plan significantly better paths
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for the car. What conclusion can you draw?

Tuy nhién, chiéc xe tu lai tong thé cta ban lai hoat dong kém hon chat lugng miic con ngudi mét
cach ré rét. C6 nghia I3, con ngudi dugc ti€p can hinh anh tir camera cé thé du tinh nhitng dudng di
t6t han nhiéu cho xe. Ban cé thé rit ra két luan gi?

The only possible conclusion is that the ML pipeline is flawed. In this case, the Plan path
component is doing as well as it can given its inputs, but the inputs do not contain enough
information. You should ask yourself what other information, other than the outputs from the two
earlier pipeline components, is needed to plan paths very well for a car to drive. In other words,
what other information does a skilled human driver need?

K&t luan kha di duy nhat la pipeline hoc may da bi 16i. Trong trudng hop nay, thanh phan Lén ké
hoach da hoat déng & mUc t6t nhat ¢ thé vdi nhiing déu vdo ctia né, nhung dau vao khéng chlra du
théng tin. Ban nén ty hdi liéu nhitng thong tin nao khac, ngoai dau ra cta hai thanh phan pipeline
trudc, la can thiét cho viéc Ién ké hoach dudng di that tét cho xe ty lai. Noi cach khac, nhitng thong
tin nao ma mot ngudi lai xe cé kinh nghiém can dén?

For example, suppose you realize that a human driver also needs to know the location of the lane
markings. This suggests that you should redesign the pipeline as follows:[18]

Vi dy, gia st ban nhan ra rang ngudi lai xe cling can biét vi tri cta vach ké lan dudng. Diéu nay ggi y
rang ban nén thiét ké lai pipeline nhu sau:

> Phat hién
xe hoi

Hinh &nh > Phat hién
tir camera . ngweoi di bo

) Hoach dinh Hwéng
[du’(rng di cho xel » e

-
> Phat hién
ngch ké dwéng

T T

Ultimately, if you don't think your pipeline as a whole will achieve human-level performance, even
if every individual component has human-level performance (remember that you are comparing
to a human who is given the same input as the component), then the pipeline is flawed and
should be redesigned.

Cudi cling, néu ban khéng nghi rang pipeline hoan chinh sé dat chat lugng miic con ngudi, ngay ca
khi mdi thanh phan don 1€ dat chat lugng mdc con ngudi (nhd rang ban dang so sanh v6i mét ngudi
dugc cung cap cing mét dau vao nhu cac thanh phan), cé nghia la pipeline cé 16i va can dugc thiét ké
lai.

FOOTNOTE:
GHI CHU:

[18] In the self-driving example above, in theory one could solve this problem by also feeding the
raw camera image into the planning component. However, this would violate the design principle
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of "Task simplicity" described in Chapter 51, because the path planning module now needs to
input a raw image and has a very complex task to solve. That's why adding a Detect lane markings
component is a better choice--it helps get the important and previously missing information
about lane markings to the path planning module, but you avoid making any particular module
overly complex to build/train.

[18] Trong vi du vé xe tu hanh & trén, theo ly thuyét ta c6 thé giai quyét van dé bang cach cling cho
hinh anh thé tir camera vao thanh phan 1én ké hoach. Tuy nhién, diéu dé sé vi pham nguyén tac thiét
ké "Tinh don gian cla tac vu" da dudc trinh bay & Chuang 51, vi thanh phan Ién ké hoach dudng di
gi day can c6 dau vao la anh thé va cé mot tac vu rat phic tap dé giai quyét. Thé nén thém mét
thanh phan Phat hién giai phan cach la moét lya chon t6t han -- gitp ldy thém nhitng thong tin quan
trong von thi€u vé lan dudng cho khéi Ién ké hoach dudng di, dong thai ban ciling tranh dugc viéc
lam bat c&* mé-dun nao trd nén qua phic tap dé xay dung/huan luyén.



Part 10: Conclusion

Phan 10: Tong két



58. Building a superhero team - Get your teammates to
read this

58. Xay dung mot biét doi siéu anh hung - Hay dé dong
doi cua ban doc diéu nay

Congratulations on finishing this book!
Chic miing ban da hoan thanh quyén sach nay!

In Chapter 2, we talked about how this book can help you become the superhero of your team.

Trong chuaong 2, ching ta da ndi vé viéc quyén sach nay c6 thé gidp ban trd thanh siéu anh hung
trong nhém cua ban.

The only thing better than being a superhero is being part of a superhero team. I hope you'll give
copies of this book to your friends and teammates and help create other superheroes!

Diéu duy nhat tuyét vai hon trd thanh mét siéu anh hung la trd thanh mét phan cla mét biét déi siéu
anh hling. T6i hy vong ban s& gidi thiéu ban sao clia quyén sach nay cho ban bé va déng déi clia ban
va tao ra nhiing siéu anh hung khac.


file:///D:/Programing/ML_Vietnamese_Transalation/Tempo/imgs/C58_01.png

	book_cover.pdf
	acknowledgement.pdf
	Acknowledgement - Lời cảm ơn
	Giai đoạn 1
	Giai đoạn 2
	Thuật ngữ
	Các đóng góp khác
	Tên các thành viên


	all_chapters.pdf
	MỤC LỤC
	Introduction
	Giới thiệu
	1. Why Machine Learning Strategy
	1. Tại sao cần chiến lược Học Máy
	2. How to use this book to help your team
	2. Cách sử dụng cuốn sách khi làm việc nhóm
	3. Prerequisites and Notation
	3. Kiến thức tiền đề và Ký hiệu
	4. Scale drives machine learning progress
	4. Quy mô là động lực phát triển học máy

	Part 1: Setting up development and test sets
	Phần 1: Chuẩn bị tập phát triển và tập kiểm tra
	5. Your development and test sets
	5. Tập phát triển và tập kiểm tra
	6. Your dev and test sets should come from the same distribution
	6. Tập phát triển và tập kiểm tra nên có cùng phân phối
	7. How large do the dev/test sets need to be?
	7. Tập phát triển/kiểm tra cần lớn đến mức nào?
	8. Establish a single-number evaluation metric for your team to optimize
	8. Thiết lập một phép đo đơn trị làm mục tiêu tối ưu
	9. Optimizing and satisficing metrics
	9. Phép đo để tối ưu và phép đo thỏa mãn
	10. Having a dev set and metric speeds up iterations
	10. Xây dựng một tập phát triển và một phép đo sẽ tăng tốc quá trình làm việc
	11. When to change dev/test sets and metrics
	11. Khi nào cần thay đổi tập phát triển/kiểm tra và các phép đo
	12. Takeaways: Setting up development and test sets
	12. Điều cần nhớ: Thiết lập các tập phát triển và kiểm tra

	Part 2: Basic Error Analysis
	Phần 2: Phân tích lỗi cơ bản
	13. You want to build a new email anti-spam system. Your team has several ideas:
	13. Bạn mong muốn xây dựng một hệ thống phòng chống email rác mới. Nhóm của bạn có rất nhiều ý tưởng:
	14. Error analysis: Look at dev set examples to evaluate ideas
	14. Phân tích lỗi: đánh giá ý tưởng dựa trên tập phát triển
	15. Evaluating multiple ideas in parallel during error analysis
	15. Đánh giá song song các ý tưởng trong quá trình phân tích lỗi
	16. Cleaning up mislabeled dev and test set examples
	16. Dọn dẹp những mẫu bị gán nhãn nhầm trong tập phát triển và tập kiểm tra
	17. If you have a large dev set, split it into two subsets, only one of which you look at
	17. Nếu bạn có một tập phát triển lớn, chia nó thành hai tập con và chỉ phân tích trên một tập
	18. How big should the Eyeball and Blackbox dev sets be?
	18. Tập phát triển Eyeball và Blackbox nên lớn như thế nào?
	19. Takeaways: Basic error analysis
	19. Điều cần nhớ: Phân tích lỗi cơ bản

	Part 3: Bias and Variance
	Phần 3: Độ chệch và Phương sai
	20. Bias and Variance: The two big sources of error
	20. Độ chệch và Phương sai: Hai nguồn lớn của lỗi

	21. Examples of Bias and Variance
	21. Những ví dụ về Độ chệch và Phương sai
	22. Comparing to the optimal error rate
	22. So sánh với tỉ lệ lỗi tối ưu
	23. Addressing Bias and Variance
	23. Xử lý Độ chệch và Phương sai
	24. Bias vs. Variance tradeoff
	24. Đánh đổi giữa Độ chệch và Phương sai
	25. Techniques for reducing avoidable bias
	25. Kỹ thuật giảm độ chệch có thể tránh được
	26. Error analysis on the training set
	26. Phân tích lỗi trên tập huấn luyện
	27. Techniques for reducing variance
	27. Các kỹ thuật giảm phương sai

	Part 4: Learning curves
	Phần 4: Đồ thị quá trình học
	28. Diagnosing bias and variance: Learning curves
	28. Chẩn đoán độ chệch và phương sai: Đồ thị quá trình học
	29. Plotting training error
	29. Vẽ đồ thị sai số huấn luyện
	30. Interpreting learning curves: High bias
	30. Diễn giải đồ thị quá trình học: Độ chệch cao
	31. Interpreting learning curves: Other cases
	31. Giải nghĩa các đồ thị quá trình học: Những trường hợp khác
	32. Plotting learning curves
	32. Vẽ đồ thị quá trình học

	Part 5: Comparing to human-level performance
	Phần 5: So sánh với chất lượng mức con người
	33. Why we compare to human-level performance
	33. Tại sao cần so sánh chất lượng mức con người?
	34. How to define human-level performance
	34. Cách xác định chất lượng mức con người
	35. Surpassing human-level performance
	35. Vượt qua chất lượng mức con người

	Part 6: Training and testing on different distributions
	Phần 6: Huấn luyện và kiểm tra trên các phân phối khác nhau
	36. When you should train and test on different distributions
	36. Khi nào bạn nên huấn luyện và kiểm tra trên những phân phối khác nhau
	37. How to decide whether to use all your data
	37. Làm sao để quyết định có nên sử dụng toàn bộ dữ liệu?
	38. How to decide whether to include inconsistent data
	38. Làm thế nào để quyết định có nên bao gồm dữ liệu không nhất quán
	39. Weighting data
	39. Đánh trọng số dữ liệu
	40. Generalizing from the training set to the dev set
	40. Tổng quát hóa từ tập huấn luyện đến tập phát triển
	41. Identifying Bias, Variance, and Data Mismatch Errors
	41. Xác định lỗi về độ chệch, phương sai và dữ liệu không tương đồng
	42. Addressing data mismatch
	42. Xử lý dữ liệu không tương đồng
	43. Artificial data synthesis
	43. Tổng hợp dữ liệu nhân tạo

	Part 7: Debugging inference algorithms
	Phần 7: Gỡ lỗi các Thuật toán suy luận
	44. The Optimization Verification test
	44. Bài kiểm tra xác minh tối ưu
	45. General form of Optimization Verification test
	45. Dạng tổng quát của bài kiểm tra xác minh tối ưu
	46. Reinforcement learning example
	46. Ví dụ về Học tăng cường

	Part 8: End-to-end deep learning
	Phần 8: Học sâu đầu-cuối
	47. The rise of end-to-end learning
	47. Sự trỗi dậy của học đầu-cuối
	48. More end-to-end learning examples
	48. Những ví dụ khác của học đầu-cuối.
	49. Pros and cons of end-to-end learning
	49. Ưu nhược điểm của học đầu-cuối
	50. Choosing pipeline components: Data availability
	50. Lựa chọn các thành phần cho pipeline: Tính sẵn có của dữ liệu
	51. Choosing pipeline components: Task simplicity
	51. Lựa chọn các thành phần cho pipeline: tính đơn giản của tác vụ
	52. Directly learning rich outputs
	52. Trực tiếp học những đầu ra phức tạp

	Part 9: Error analysis by parts
	Phần 9: Phân tích lỗi từng phần
	53. Error analysis by parts
	53. Phân tích lỗi từng phần
	54. Attributing error to one part
	54. Quy lỗi cho một thành phần
	55. General case of error attribution
	55. Trường hợp tổng quát của việc quy lỗi
	56. Error analysis by parts and comparison to human-level performance
	56. Phân tích lỗi từng phần và so sánh với chất lượng mức con người
	57. Spotting a flawed ML pipeline
	57. Phát hiện một pipeline học máy bị lỗi

	Part 10: Conclusion
	Phần 10: Tổng kết
	58. Building a superhero team - Get your teammates to read this
	58. Xây dựng một biệt đội siêu anh hùng - Hãy để đồng đội của bạn đọc điều này



