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Spring 2021 Schedule

#>Course Projects

u
| ea rI I I I Ig Powe re Showcase 4 We've updated and improved our materials for our 2021 course taught at UC Berkeley and

Lectures online.

Lecture 1: DL Fundamentals

u ]
Ap p I ‘ a | I O l IS Notebook: Goding a neural net © synchronous Online Course

Lecture 2A: CNNs . .
We offered a paid synchronous option for those who wanted weekly assignments, capstone project, Slack

D‘IALIE.'I |—°| EI‘?—_IE OH%EI;‘"OIAJ Lecture 2B: Computer Vision discussion, and certificate of completion.

Lecture 3: RNNs 3 ) .
Enter your email below or follow us on Twitter to be the first to hear about future offerings of this option.

- Lecture 4: Transformers
O}O|C|O{0l| M S E] 2HdEl FIE X,
gt Hil2d o Z2|#Hold

25 Dby v

. And check out the %pcourse projects showcase
Lecture & ML Projects 5 prel ks

Lecture 6: MLOps Infrastructure

& Tooling )
email address

Lecture 7: Troubleshooting Deep
Neural Networks

Lecture 8: Data Management

Lecture 9 Al Ethics Week 1: Fundamentals
Lecture 10: Testing & . . ‘ . )
Explainability We do a blitz review of the fundamentals of deep learning, and introduce the codebase we will be

Lecture 11: Deployment & working on in labs for the remainder of the class.

Monitoring
o « Lecture 1: DL Fundamentals
Lecture 12: Research Directions
Lecture 13: ML Teams and « Notebook: Coding a neural net from scratch

oot ool K12 Startups

e &2 Panel Discussion: Do | need a
PhIN to wark in M1 7

|3 Sreiaicion - Lab 1: Setup and Intro

Reading:
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Dream & Reality for ML Practitioners

Aggregate, process, clean, label,
and version data
[ Provide data ]

[ Write and debug model code }
[ Provision Compute Resources }
Dream Reality .

Run experiments, review results

Get optimal prediction system Deploy model

as scalable API or mobile app 9 )

Monitor predictions and close data
flywheel loop




MLEZ M E A A|AEHIO] @A

Machine
Resource Monitoring
: Management
Configuration Data Collection Serving
Infrastructure

Analysis Tools

Feature

P
Extraction robess

Management Tools

production level &/ ML project 0fA] =+ ML 2 & 722 5% = X 2/ &

https://chacha95.github.io/2020-10-11-Docker Kubernetes9/
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https://medium.com/makinarocks
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Development
(SOFTWARE ENGINEERING ) (QUALITY ASSURANCE]

' DevOps .

Operations

https://ko.wikipedia.org/wiki/%EB%SD%B0O%EB%B8%SC%EC%98%B5%EC%3A%A4L
https://www.phdata.io/blog/mlops-vs-devops-whats-the-difference/



https://ko.wikipedia.org/wiki/%EB%8D%B0%EB%B8%8C%EC%98%B5%EC%8A%A4
https://www.phdata.io/blog/mlops-vs-devops-whats-the-difference/

MLOpsTH?

= A2 (Machine Learning)1t 2 & (Operations)2| 244 Of
o &

w DEIUHE A|AED 2 AAES 200 OF FOSE 2280 JfEZ 7 ot =0 i =t

= S3:MLResearch ElO| 7{{&o X[ 4o ZEHZ Hi I 2t F 0| M S Lot 5t F2o|0|gt H| =LA &=

= EXH: X|&X ET (Continuous Integration, Cl), X|&H HYZE (Continuous Delivery, CD) THAE Y& S USHAH O &,
F7IM S 2 HO|H 7} HhE WjOiCH 22 BHE stEA|7|= X[& A St&(Continuous Training, CT)

Data Engineering

https://neptune.ai/blog/mlops-organizational-and-communication-problem-not-a-tech-problem
https://www.phdata.io/blog/mlops-vs-devops-whats-the-difference/



https://neptune.ai/blog/mlops-organizational-and-communication-problem-not-a-tech-problem
https://www.phdata.io/blog/mlops-vs-devops-whats-the-difference/

ML .u.EI-II | AH()H |

Cross-project Per-project
infrastructure activities

Planning &
project setup

\ 4

Data collection &
labeling

Deploying &
testing

https://fullstackdeeplearning.com/spring2021/lecture-5/

Planning & Project Setup

2. Data Collection & Labeling

= SIS HO|HS RN HO|HE 22 QA0 &EA
annotateBHC}. E1|0|E1 AS0] O gLl A3 4+F0| =
2 (1A Z)


https://fullstackdeeplearning.com/spring2021/lecture-5/

ML =2 X EO| MofZ7|

Cross-project Per-project
infrastructure activities

Planning &
project setup

\ 4

Data collection &
labeling

Deploying &
testing

https://fullstackdeeplearning.com/spring2021/lecture-5/

3. Training & Debugging

it 2 H| Baseline Model— Ot=1 sotA =2 &1
Problem DomainOi| 2| reproduce Lt

U= NS5 debugdtHA S task 5= S SAZICL

HOIH =7 = 22 =

o

>
0
0
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ML =2 X EO| MofZ7|

Cross-project Per-project
infrastructure activities

Planning &
project setup

\ 4

Data collection &
labeling

Deploying &
testing

https://fullstackdeeplearning.com/spring2021/lecture-5/

4. Deploying & Testing

Mot 2t (Lab)Ofl A =&
DEg TZEHMOZ =St

n

= ||ot6h"_, HAEZE £slistn
olC
L—

Lab2HE 0| Z20] & SAOHA| &, BEAIR)

Training data2| &2} production §._F7c§'01IA1 TS5t
Ol 0

data —v—iol If |§ | A0, F=7+2 O|O|E{Lt har
case F=0| 2ot %3%’-(2':*7“5)

D& "I metricO| user behavior@t IX| UAOFA THAH
ZQStAL AN H50| ItZAEHX| 40 FAIZE = X
A" ojjof & 7"0 (1A =)


https://fullstackdeeplearning.com/spring2021/lecture-5/

ML T2 X Eo| AMofZ7|

Cross-project
infrastructure Per-project activities

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase
¥
Data collection & labeling

Labeling

Choose si- || Implement % Debug " Look at train/| ' Prioritize
mplest &  model ¥ model(s) ¥ valitest [ improvement|

Pilot in
production |

. Deployment g .  Monitoring

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup



Planning & Project Setup-$4&=% “d5t7|(Prioritizing)

Planning & project setup
Define Choose Evaluate Set up
project goals metrics baselines codebase

bt - Z2HE QMRS W B 7| ZUE

High Impact: H| ZL|A T2 A Q| 5L 20| A cheap
prediction2 2 & 2= L= 7f7(| Y

Impact

* High Feasibility: O|O|E{ 7187 (Data Availability), 32t =
QA2 (Accuracy Requirement), = A| =0 = (Problem Difficulty) S
HEf o2 22 4d 7Isd2 71T Z2HE

— =2 O

Low

Low  Feasibility (e.g., cost)  High

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-<41&%? &5t7|(Prioritizing)

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

Assessing feasibility of ML projects

Cost drivers Main considerations

* Good published work on similar problems?
(newer problems mean more risk & more
technical effort)

Problem » Compute needed for training?
difficulty

=N =0l =

* Compute available for deployment?

............................................................................................................

S = * How costly are wrong predictions?

Mate Q AR y gp

* How frequently does the system need to be
right to be useful?

Accuracy requirement

* How hard is it to acquire data?
Data availability * How expensive is data labeling?

H[Ol& 7+& -

* How much data will be needed?

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-3 &% &5}7|(Prioritizing)

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

| O] E{ 7} /d (Data Availability)

Cost drivers

. 2H S E ngrT 5t
=X Ol &= difficulty QT AR 90, R 8 2 30| 2E HO|E M S Pt AL 0.

» A EOl== ZHE BIO[B 7 A= 4—?—
- 2T & d|o]E2 OfLX| T, 2A2 A= 20]=
Accuracy requirement - QIHS 0| 2= G |O|E1EI:H<F7|-,--‘-ZJ

) - ¢0|=0| gl= HO|E 7} R E%—?—
i Data availabili - Oo|E& oLt go[g0| gle E?
0| B 7HeA e avalablly _ HO]2 2 o1 ALE O] B %] St H0|E| 2 SHaste T HS K0
o
) . GIO[EIZ MZ 2 TIe0F St AL

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-3 &% &5}7|(Prioritizing)

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

Cost drivers

ML project costs tend
to scale super-linearly

=N =0l =

Project .
Problem cost in the accuracy
difficulty requirement
l
Mzlhe @+ A|-'c('53'
| Accuracy requirement
: 50% 90% 99% 99.9%
| I, Required accuracy
oA MLEZHMEO HIO|E 7tE2 4 5
E” Ol E'l / I' o c->| Data availability 754; = E' x LfﬁSt 1 |5_-|04|_-._oo _91'_' | H
EOE|X| LI-, o%o-g-:l'l'E [ OEE%

&2 MSTX| 7t H cost?t X|=t=HH S7tat
https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-2 2 & Ci|0|E 2| HEY

Planning & project setup

Define Choose Evaluate

Set up
project goals metrics

baselines codebase

Gotot7| flof Milald M2 F 7HX] <y 240

« @ao| e
‘c‘>_‘|

Supervised Learning) / HIX|= <t& (Unsupervised Learning) / BtX| = <t& (Semi-supervised Learning)
& (Weakly Supervised Learning) / Z&=tet& (Reinforcement Learning)

Discriminative Model)/ ‘4422 (Generative Model)

E I B/ A0 Me| f S8 / FHALE / AAE o=

(Time Series Forecasting) / O| & X| B X| (Anomaly Detection)
= [O|OJE{S] HEH
dd ol - HO|=

AEHe| HIO|H (IO|H HIO|A, AZHE AE &)
HE& S O|0|E] —

A" 23, A HI0JE, HTML
H|EE C|o|El- O|0|X|, 534, =8 HOlE, O|HE, =M S

o,



Planning & Project Setup-=7|2 & &

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

= X7 2E 2429 371X Y™

1. 7|= BY¥(Baseline): ZH Ol X|AlS SR A LS AFRSIX| Q&1 ZHoHsH A

2. Theeh R (Simple Model): X & 02 tHA = L0 BHAE=Z O{Al2ld b o
3. JHsH 2 (Complex Model): 2X|E 5tLIC| end-to-end YAl 2 DEE L} & S= H|O|E{ 2t AFO

« 7] 2% A Tip
. J|ZE DYg oAy Q0| MAIA MEED, 0|5
- 9ol T A H{AlB{HO| LRSH MAESH D E 2| HH

|_ = O
. CfEE0] B BAla{d §lo] AIRShE Zi0| DiAlz Y A



Planning & Project Setup-Choose Metrics

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

« JIAEE TRHES KNS 57| Y metric2 O LA MBI}

Ae SESH7|0 Crd et metricR 2 Hi2kE 5= UL

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-Choose Metrics

Choose

Planning & project setup

Evaluate

metrics

Relevant elements
| 1

’ ) H 1

false negatives W= negatives How many se ected ﬂow many relevant
items are relevant? items are selected?

° o ® O o
Precision = Recall =

true positives false positives
o TP TP
Precision =

TP+ FFP - all detections

Recall = rp rr

TP+FN  all ground truths

Selected elements

https://fullstackdeeplearning.com/spring2021/lecture-5/

baselines

Domain-specific metrics: mAP

100%

75%
Average precision (AP)
= area under the curve

Precision mAP = mean AP,

e.g., over classes

25%

0%

0% 25% 50% 75% 100%

Recall


https://fullstackdeeplearning.com/spring2021/lecture-5/

Planning & Project Setup-Choose Metrics

Planning & project setup

Define Choose Evaluate Set up
project goals metrics baselines codebase

&l single metrice2 MEIS HQIF U272

Precision Recall
Model1| 09 | 05
Which is best?
Model 2 08 : 0.7
Model 3 0.7 0.9

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-Choose Metrics

Define
project goals

Choose
metrics

Planning & project setup

Evaluate Set up
baselines codebase

= Precisiond} recall®| E#4)?

Precision | Recall | (p+r)/2
Model 1 0.9 0.5 0.7
Model 2 0.8 0.7 0.75
Model 3 0.7 0.9 0.8

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup-Choose Metrics

Planning & project setup

Define
project goals

Choose
metrics

Evaluate
baselines

Set up
codebase

= Thresholding Metrics: RecallO| 0.6 O| & @l A & precisionO| ==

Precision Recall | (p+r)/2 p @ (r>0.6)
Model 1 0.9 0.5 0.7 0.0
Model 2 0.8 0.7 0.75 0.8
Model 3 0.7 0.9 0.8 0.7

https://fullstackdeeplearning.com/spring2021/lecture-5/

Z1?
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Planning & Project Setup-Choose Metrics

Define
project goals

Planning & project setup

Choose
metrics

Evaluate Set up
baselines codebase

= Domain §2HEl 54 (ex. mAP)E E-E?

Precision Recall | (p+r)/2 p@(r>0.6) mAP
Model 1 0.9 0.5 0.7 0.0 0.7
Model 2 0.8 0.7 0.75 0.8 0.6
Model 3 0.7 0.9 0.8 0.7 0.6

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup- Baselines

Planning & project setup

Choose l Evaluate

metrics baselines

Same model, different baseline — > different next steps

60 HRsssssssasasad = Qur model (val) | - | E— m—_Qur model (val)
Our model (train) Our model (train)
- == = Human performance - == = Human performance

error (%)

8

8

=

= Hjo|AE}Ql
. 2E 50| £|4 515 S B (2123 0] 0|42 Bfopsh
. BfEhdol @AY = O K8

« H|O|AE2}QI0] Z 2%t 0|F7
. 22 DHO[CIE HIO|AEtRIS OB C+S B S0| ZabE,

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Planning & Project Setup- Baselines

Planning & project setup

I Evaluate

baselines

QUutol O MEJIER 2E 22 [|0|E{ 7} baseline 2 S &0
Z=X|0h MHE O 2 HO|E 7 o] 0| = 7t £ O FICt,
Baseline®| =%  Quality of Ease of data rjo|5 470 204
baseline Collectlon
High

Random people (e d., Amazon Turk)

Ensemble of random people

Domain experts (e.g., doctors)

Deep domain experts (e g., specialists)

Mixture of experts Low

https://fullstackdeeplearning.com/spring2021/lecture-5/
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Data Collection & Labeling



Data Collection & Labeling

Data collection & labeling

Labeling

= Hlojg =Xt go|=T =M

1. XM o{H|O|E| &
= HE2D E EL O{LHOM s

= H|EO0| o] 1, 20| 013 3.

2. E_E_I-O AAI

. Amazon Mechanical Tuckd} SAt E81Z 0|
. =20 MX|2H O] cHO|Me| S EESHK|

Mo OO
oo

3. OIO|E] 5 MH|A 3|A

- HEMAIZEE Ao o o 2N U
F 43 HolHN XY o=HOolds =8 = 02 HAHS0 HES 2E510 23
L

ol

=
. FLYEH: IR E/A (https://crowdworks.kr/), Annotation-Al (https://www.annotation-ai.com/) HIA2E A (https://www.testworks.co.kr/),
AIMMO(https://aimmo.co.kr/)

https://fullstackdeeplearning.com/spring2021/lecture-8/



https://crowdworks.kr/
https://www.annotation-ai.com/
https://www.testworks.co.kr/
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Data Collection & Labeling

Data collection & labeling

1 Barack | Hussem Obama II bom August4 1961) is an

American polmaan who served as the 44th

— 2008  20171TIME]
President of the United States from 2009to 2017 .
2 The first African American to assume the presidency, he was

E E: = E'I AITEQ llinois Senate
: -" 0 I -I Eﬂ 0 I = T.II O-I previously the junior United States Senator from Illinois from

. . 2005 to 2008.
. https://github.com/jsbroks/awesome-dataset-tools

3 He served in the Illinois State Senate from 1997 until 2004.

« Images / Audio / Time Series / Text
- 5/ UAks / Z27|8 BhAks 20|28 Vs
- DE|Xt/ A=Kt/ O{HOIH AE 7|5

- =LLH|: Annotation-Al (https://www.annotation-ai.com/) HAE2A
(https://www.testworks.co.kr/), AIMMO(https://aimmo.co.kr/)

o 00:02.190 /00:10.796

Start:  00:00.732 End: 00:03.460 Duration: 00:02.728

Tag: BICYCLE BELL CHURCH BELL HUMAN VOICE MECHANICAL SQUEAK MUSIC

CREECHING TRAIN WHEELS SINGLE FOOTSTEP SIREN VEHICLE BRAKES

NGINE VEHICLE HONK E‘ﬂ Categorization {:} Bounding Box QH"/ Semantic Segmentation / Line Annotation ﬁ Keypoint Annotation
SUMBIT & LOAD NEXT CLIP

httDS//fU”Stadeeemearnlng Com/SDrInQZOZ 1/Iecture_8/ @ Cuboid Annotation N Contour Annotation @ Poly Mask Annotation Q Polygonal Annotation



https://github.com/jsbroks/awesome-dataset-tools
https://www.annotation-ai.com/
https://www.testworks.co.kr/
https://aimmo.co.kr/
https://fullstackdeeplearning.com/spring2021/lecture-8/

Data Collection & Labeling

Data collection & labeling

= Data Versioning

- OUEE 228 £ATEQH HO[EZ 74 > MACHINE LEARNING
|S|X| QO A2 Y ZEO| VERSION CONTROL

Website « Docs ¢ Blog « Twitter » Chat (Community & Support) » Tutorial « Mailing List

0 A — o
M DVC Data Versioning TeStE passing — maintainability Codecov 91% patreon [donate | DOI 10.5281/zenodo.3677553
#® pip v2.7.3 Odeb\pkglrpmlexe v2.7.3 || brew v2.7.2 - conda [invalid § choco v2.7.1 W

Open-source

1 $ dvc add data.xml
H DVC stores information about your data file in  special .dvc e, that has a human- ) i X . ) i
Version Control S)’Stem resdable dose o an e b committed 1 Gt o trach versions of your fl: Data Version Control or DVC is an open-source tool for data science and machine learning projects. Key features:
for Machine Learning Projects $ oit a0 gitignore dsta.xal.ove . . , R —
$ git comnit - "add source data to DVC" 1. Simple command line Git-like experience. Does not require installing and maintaining any databases. Does not
depend on any proprietary online services.
4 5 o pipetine snow —ascis modelpkl.ave ——outs 2. Management and versioning of datasets and machine learning models. Data can be saved in 53, Google cloud,
3 Tefatuage fewreomecton: T e ,
2 ol Azure, Alibaba cloud, SSH server, HDFS, or even local HDD RAID.
G (173 $ dve run -d featurization.py -d data.tsv \ = -

-0 matrix.pkl \

~d prepare.py ~d data.xml \ pythen featurization.py data. tsv matrix.pkl 3. Makes projects reproducible and shareable; helping to answer questions about how a model was built.
-0 data.tsv -o data-test.tsv \ ——
python prepare.py data.xml The second stags, traning | |

4. Helps manage experiments with Git tags/branches and metrics tracking.

o e i Wy, = = ===
;3[::?:;:::.;‘1 matrix.pkl model.pkl . .
DVC aims to replace spreadsheet and document sharing tools (such as Excel or Google Docs) frequently used as both

Lat's commit meta- files that describe our pipeline: | matrix.pkl |

knowledge repositories and team ledgers. DVC also replaces both ad-hoc scripts to track, move, and deploy different
$ git add .gitignore matrix.pkl.dvc model.pkl.dvc
$ 91t connit —a acd featurization snd train steps ¢

model versions and ad-hoc data file suffixes and prefixes.

Contents

https://github.com/iterative/dvc
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Choose si- Implement Debug Look at train/ Prioritize

mplest model model(s) val/test improvement

= EHEY EHBIZES oHF

- 2FUS0] E3 =770

- 80~90%2| AlZtE ClH A4t FH0| AFESHD,
- QX 10~20%2| AlZtE oS AZ RSt REE 2HSI=0| AHEBICE
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Prioritize
improvement

Poor model

performance




Training & Debugging

Look at trai Prioritize
val/test improvement

Implementation
bugs

Poor model
performance




Training & Debugging

Choose si- Implement Debug Look at train/ Prioritize
mplest | model " ' model(s) ' val/test improvement

Implementation Hyperparameter
bugs choices

Poor model
performance




Hyperparameter 41E49|

loss
very high learning rate

low learning rate

high learning rate

good learning rate

Andrej Karpathy, CS231n course notes

epoch

>

1
—_— Eﬁ,Var[w,] =1 ours

O75H  eem AVar[w] =1 Xavier

He, Kaiming, et al. "Delving deep into rectifiers: Surpassing human-level performance on imagenet
classification." Proceedings of the IEEE international conference on computer vision. 2015.



Training & Debugging

Choose si- Implement Debug Look at train/ Prioritize
mplest | model " ' model(s) ' val/test improvement

Implementation Hyperparameter
bugs choices

Poor model
performance

Data/model fit




Data / Model Fit

Data from the paper: ImageNet Yours: self-driving car images

. "'__-'




Training & Debugging

Choose si- Implement Debug Look at train/ Prioritize
mplest | model " ' model(s) ' val/test improvement

Implementation Hyperparameter
bugs choices

Poor model
performance

Dataset

Data/model fit )
construction




QUHIM O 2 dataset 1+ A| M7|= O|FE

= Not enough Dataset
= Noisy labels
= |mbalanced classes

= Train / test from different distributions




Training & Debugging

Choose si- Implement Debug Look at train/ Prioritize

mplest model model(s) val/test improvement

= off " dolM ZHSHZO| oz =272

- HIO7F A=K 7] o8 =,

ot

- #2 ds XNotof tioilA 7ttt & 210[ &

—

e

o
.

.

|.

0|'

. }O|HIEtO|E{Qt GIO|E TAO| RS Hislo| & St& Ztot o DSt Hel

!

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging

Choose si- Implement Debug Look at train/ Prioritize

mplest model model(s) | val/test improvement

Pessimism

HZH o2 HA}

|

- E2Ho| HQAS | L7 o{H7| W20, HX ZFEHSHA| A &ESED (start simple), BXt SEEE 22| X}

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging

. QoY 2HeES 2% MY

Choose the simplest model & data possible
(e.g., LeNet on a subset of your data)

Start

simple

Tune hyper-

t . .
L « Once model runs, overfit a single batch &

Implement reproduce a known result

& debug
Implement Meets re-
& deb Evaluate . t . . .
coug quirements « Apply the bias-variance decomposition to

decide what to do next

Start simple

Improve
model/data

* Use coarse-to-fine random searches

eparams

* Make your model bigger if you underfit; add
data or regularize if you overfit

Improve
model/data

O|L} =Ztel Zut=0[LE 0o
50| AL 7HgetLt.

=
o
| >
L]
o
ojn
Jlo ol
Hl
0>-

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging Starting simple

Steps

- H2d EAsZS E MY

e Choose a simple ZHCHSE @ Gl A EH
architecture

Tune hyper-
parameters

Implement Meets re-
Evaluate .
& debug quirements

Start simple

o Use sensible defaults

Improve
model/data
o Normalize inputs 2 St
0 Simplify the problem =M ef tteg}

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Start here

Consider using this later

LeNet-like architecture

LSTM with one hidden
Sequences layer (or temporal convs)

Fully connected neural net
with one hidden layer

https://fullstackdeeplearning.com/spring2021/lecture-7/

ResNet

Attention model or
WaveNet-like model

Problem-dependent


https://fullstackdeeplearning.com/spring2021/lecture-7/

Training & Debugging — Starting simple

- H2d EAsZS E MY

Steps

Tune hyper-
parameters

o Choose a simple
architecture

Implement Meets re-
Evaluate .
& debug quirements

Start simple

o Use sensible defaults

Improve
model/data

o Normalize inputs

o Simplify the problem

https://fullstackdeeplearning.com/spring2021/lecture-7/

—_—

tor
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UUIHO 2 T SXBHE default MT AHS

» gutNo = FHE= AZ HA ALE
= ZE|O10] X (Optimizer): Adam optimizer, learning rate 3e-4

= 2Hd3} gh(Activation Function): relu (FC 1 Conv 2 %), tanh (LSTME &)

= X 7|3} (Initialization): He normal (relu), Glorot normal (tanh)

= Regulaization %! Data normalization (batch norm) 2 %|& d&52 Z0{22 [If AX}

;t-|OI=IE.| A H |:|'|:L OI:IF |.'—A-|

* He et al. normal (used for ReLU) « Glorot normal (used for tanh)
9 2
N 07 E N 07 n-+m

(n is the number of inputs, m is the number of outputs)

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging - Starting simple

- H2d EAsZS E MY

Tune hyper-
parameters

Implement Meets re-
Evaluate .
& debug quirements

Start simple

Improve
model/data

https://fullstackdeeplearning.com/spring2021/lecture-7/

Steps

e Choose a simple Gl M EH
architecture

o Use sensible defaults

ot

e Normalize inputs

€ simplify the problem T2


https://fullstackdeeplearning.com/spring2021/lecture-7/

Normalize Input

original data zero-centered data normalized data
10 - - 10 10
b A

5 5 : 3‘3’ 5

0 - 0 - 0

- -5 ‘ib_.' Y -5

S e
105 = T T = 0 5 T = 0 5
2z =
0 — X=X in
Xnorm = Yoo E[O ’ 1]
max min

NJ — Mean

() — Standard Deviation



Training & Debugging - Starting simple

- H2d EAsZS E MY

Implement

& debug Evaluate

Start simple

Tune hyper-
parameters

https://fullstackdeeplearning.com/spring2021/lecture-7/

Improve
model/data

Meets re-
quirements

Steps

e Choose a simple
architecture

o Use sensible defaults

o Normalize inputs

0 Simplify the problem


https://fullstackdeeplearning.com/spring2021/lecture-7/

= N2 SSH0|HZ A[ESHA} (~10,000).
= F29| Jh= Lf O|O[X] AFO|= S5 UM A= £X},

tHot synthetic SF5HO0|HE BtS O A A|ASHEAT,

L—

—_
—_

.« o7

= 230| ZHAX| taskAtH| 7t OfH2A| ZEL| 249 taskS Z|Ch

https://fullstackdeeplearning.com/spring2021/lecture-7/

—t
ot

ZHE
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Training & Debugging- Starting simple

- Hd NS I3 e

Tune hyper-
parameters

Start simple Implement

Steps

Summary

e Choose a simple
architecture

& debug Evaluate

Improve
model/data

https://fullstackdeeplearning.com/spring2021/lecture-7/

o Use sensible defaults

N Meets re-
quirements

o Normalize inputs

o Simplify the problem

LeNet, LSTM, or fully
connected

Adam optimizer & no
regularization

Subtract mean and divide
by std, or just divide by
255 (ims)

Start with a simpler
version of your problem
(e.g., smaller dataset)
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Training & Debugging

- H2d EAsZS E MY

Tune hyper-

parameters

Implement

Start simple Evaluate

& debug

Improve
model/data

https://fullstackdeeplearning.com/spring2021/lecture-7/

Meets re-
quirements

571X 7 LutE ol Hel'd HS
Tensor shapel| & X

2 EHOIEOf Chet F8=tot TAZ|
- THME|E ohA| EAL o2 N2

Loss =0 23 =toh QI o Al
N

—/ |
o Loss&=0f 2=l HEjO| UHZ EO0Z.

S5 ) Bol REo| mRE HY
- SEDCZ MEQI0| BILZEO|A dropoutO|Lt batch norm&-&

+=X[H Z23°d (Numerical Instability)

- Inf/NaN (exp, log, div opertation)
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Training & Debugging

- H2d EAsZS E MY

Implement

Start simple Evaluate

& debug

Tune hyper-
parameters

https://fullstackdeeplearning.com/spring2021/lecture-7/

Improve
model/data

Meets re-
quirements

) o N
- B IHEZ 93 YurHol xof

1. 7IH &
- V12 7tsotH 72tasHA (2002 O|Eh

2. O|0] AHEl AEHE A
. HAMZERQ HCEHEtA

«  Tfnn.relu(tf/mamul(W,x)) CH4! tflayers.dense()

3. Sf¥et o[y mjo[=Z2iel2 LIF0 ME
«  StLte| gpu memoryd & = U= GO Al
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Training & Debugging- Implement & debug

= Hd EHeiES ¢l M=
Steps
Tune hyper- Get your model to
parameters e y 28 RUN
run
Start simple In;‘:::j;t Evaluate ql\:i?:: ;:t-s
o Overfit a single single batchOf] 2 HI| &
batch
Improve
model/data
o Compare to a 20 s At
known result

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Implement & debug

2 & RUN

Common
issues Recommended resolution

o Get your model to

run Shape
mismatch
Step through model creation and
inference in a debugger
gy CIH O B2 MM QI 229 ChA 8 2 Tl 3B
ISsue SFLIA | O] E{ 2 shapeldt type= M| 26l OF2L.

Scale back memory intensive
operations one-by-one

ClH 7022, 2 B2 XS Z0[A LY, batch
sizeg =0 7#%*1 M =25H OF 2t

Standard debugging toolkit (Stack
Overflow + interactive debugger)

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Implement & debug

= Hild EXsiEaS sl T Steps
Get your model to
Tune hyper- 2 S RUN
parameters run
Start simple UL Evaluate Al Overfit 1 |
& debug quirements o veriit a single single batchOf| @ H{ | &
batch
Improve
model/data
o Compare to a ot Q= Z 9} H|
known result

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Implement & debug

single batchOf| @ HI| &

o Overfit a single

batch

https://fullstackdeeplearning.com/spring2021/lecture-7/

Common
issues

Most common causes

mma Error goes up

mma Error explodes

mma Error oscillates

ama Error plateaus

EA gLt gradient £ 271 SO Y 4 2 2l
Learning rateO| L5 = [

=X|2X| (NaN, Inf, div/0)
Learning rateO| L £ = [f

Data labelO| 44 & Lt data augmentationO| 22 & 4%
Learning rateO| 5 = [

Learning rateO| L & &2 [}
RegularizationO| | & Z-g [
Loss function/t & & X 2|2 [f

c
Data L} labelO| L E&| A= If

<
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Training & Debugging- Implement & debug

- H2d ExsEe s W

™

Steps

Tune hyper-
parameters

o Get your model to 2 RUN
run

Implement

Meets re-
Evaluate ceis e

Start simple & debug quirements

o Overfit a single single batchOff 2 B{I| &
batch

Improve
model/data

e Compare to a
known result

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Implement & debug

= Compare to a known results (Z2{%l Z1t=1t H| )

More
useful

- SHEE FANONM FARHEHOIEH S st H| 1

—

« MNISTE2 BIX| O3 H|O[E{ SO M =4 22 ik 9] -

ofr
=
=
El

Loss - I 7O H|O| A 2Rl (H e E80(L MY 2|4 &)aF Hl i

useful

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Implement & debug

gefd 2HIES s e

Steps Summary

e Step through in debugger & watch out
for shape, casting, and OOM errors

Tune hyper-
parameters

e Get your model to
run

Implement Evaluate R Meets re-

» Look for corrupted data, over-
& debug | quirements

regularization, broadcasting errors

Start simple

0 Overfit a single

batch

Improve
model/data

» Keep iterating until model performs
up to expectations

e Compare to a
known result




fraining & bebugging- Bualuate

- g2 2xsES B Y

| B |
Testing
Tune hyper- I I 1

parameters
https://dhavalpatel2101992.wordpress.com/2021/05/21/kaggle-titanic-
dataset-cleaning-split-data-into-train-validation-and-test-set/

o
o

Implement Evaluate M_eets re-
& debug quirements

Start simple

t _ € Underfiting | Overfitling >

Improve
model/data

Error

Model “complexity”

https://fullstackdeeplearning.com/spring2021/lecture-7/ https://www.worshipwithyourlife.top/products.aspx?cname=overfit+training+data&cid=7
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https://www.worshipwithyourlife.top/products.aspx?cname=overfit+training+data&cid=7
https://dhavalpatel2101992.wordpress.com/2021/05/21/kaggle-titanic-dataset-cleaning-split-data-into-train-validation-and-test-set/

Training & Debugging- Improve model/data

= HEld 2HciZES sl U Steps

e
™

e Address under-fitting

Tune hyper-
parameters

o Address over-fitting

Start simple e Evaluate N Meets re-
& debug quirements

Improve
model/data

o Address distribution
shift

Re-balance datasets
(if applicable)

https://fullstackdeeplearning.com/spring2021/lecture-7/



https://fullstackdeeplearning.com/spring2021/lecture-7/

Training & Debugging- Improve model/data

= Under-fitting= M2|5t= Y™ (Biasg =0[7])

1 BES 4 3A TS =0t @00 =7t/ 80l 7R =7
Regularizationg 0| &L},

o2 24 si=Ct.

SOTA ==2| L= 2285 MLt

ofO| It 2t 0f B & J oL},

FeatureE [ F7}tCt.

o oA~ W



Training & Debugging- Improve model/data

™

e

- EE2Y EHsiZS S HY Steps

o Address under-fitting

Tune hyper-

parameters

Start simple e Evaluate N Meets re-
& debug quirements

o Address over-fitting

Improve
model/data

o Address distribution
shift

o Re-balance datasets
(if applicable)

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Improve model/data

= Over-fitting= X 2|5l= WY (VarianceE E0|7|)

1. SO0 E O F7tetLt.

Data normalizationg 75l 2Lt (batch norm, layer norm)

2 /

: »
3. Regularizationg 7t5f 2L}, (dropout, L1, L2 weight decay) e
4. Data augmentations A|=3HC} 1 Regularization

5. o2 2492 of=rt C N N

_ N Cost = Z(Jf:ﬁ — Z xi W% + A Z | Wi

6. L& EES ArEdl =Lt i=0 =0 7=0
7 5F0|E1 El'EH:Il E_l %—Lél% AlE_é_H %El' L2 Regularization "

N M
Cost = z(:ﬁi — Z xi W% + A Z Wy

Loss function Regularization
Term



Training & Debugging- Improve model/data

™

e

= HEd EXHZES IE M Steps

e Address under-fitting

Tune hyper-

parameters

Start simple e Evaluate N Meets re-
& debug quirements

o Address over-fitting

Improve
model/data

o Address distribution
shift

o Re-balance datasets
(if applicable)

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Improve model/data =

|
Jot
I

HIO|E{2f HIZED|O|E] ZX2 Xjo|2 Qlet of2] i 2

1. Test-set |HE £
2. Test-set 0|2|& &40

3. Domain Adaptation?|&& &

LS BI0IE 27t 47
S NENES/ER P E IR

Train data Test data

Distribution Shift Domain Adaptation



Training & Debugging- Improve model/data

™

e

= TEY ERZS E HY Steps

o Address under-fitting

Tune hyper-

parameters

Start simple e Evaluate N Meets re-
& debug quirements

o Address over-fitting

Improve
model/data

o Address distribution
shift

o Re-balance datasets
(if applicable)

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Improve model/data

= Rebalance Datasets

- Test error= L} validation error/ &3] 22 M validation setd| overfitting & 2
- 0|Z{2 validation setO| AC{H 22 =}
AL
T

- Validation set= CIA| =% (data

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Tune Hyperparameters

« Hed EXcES flet ™= Model & optimizer choices?
Network: ResNet

Tune hyper- - How many layers?  Layer 25
parameters . o _ N

- Weight initialization? weight =%}

oy . - Kernel size? 71€ 37| (3x3, 5%5,..., etc)
Start simple n;pdzlt‘}nf;t Evaluate = qu::::;ﬁt-s E-t
- Etc
‘ Optimizer: Adam
) Batch 27|
o - Batch size?
Pl

- Learning rate?
- betal, beta2, epsilon?
Regularization

https://fullstackdeeplearning.com/spring2021/lecture-7/
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Training & Debugging- Tune Hyperparameters

Comparison of Hyperparameter Search Methods (Optimal Selection in Red)

Hyperparameter 1 *

Hyperparameter 2
O
O
@ @ @

Grid Search Random Search Bayesian Search
Toi5H7| 2L e M= s2X gES 0|8
oo A EQ HSEX e Grid Search2Ct £ A1} JhRt SR O] g
AE R|Alo] QUCHH, E2 ZntE | - A0 O = 70 O (LELL UF)
2dE = UAS. o O HEO| AHEXA HR

https://towardsdatascience.com/hyperparameter-tuning-always-tune-your-models-7db7aeaf47e9



https://towardsdatascience.com/hyperparameter-tuning-always-tune-your-models-7db7aeaf47e9

Training & Debugging - 2 &

* Choose the simplest model & data possible

Tune hyper- _Start (e.g., LeNet on a subset of your data)
parameters simple

* Once model runs, overfit a single batch &
Implement reproduce a known result

Implement Meets re-

Start simple Evaluate

& debug quirements & debug

* Apply the bias-variance decomposition to
Improve decide what to do next
model/data

* Use coarse-to-fine random searches

eparams

* Make your model bigger if you underfit; add

Improve data or regularize if you overfit

model/data
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Deploying & Monitoring

Deploying & testing

i Testing Deployment Monitoring

production

= DS HESIEH ALEXI0A| S 01E = A= 2 AS XS] 24510k 2.
1. 2 H{E A H[O|E] -1} AL Al 1T
2. é Hj.—' *I EI:-IIEI AI _I_E:Icél' x~

g ool = O S 2[# 0] 4F B Zet 2L HE



Deploying & Monitoring

= D H{E A GIO|E| +=Fat AL Al 1nE Argd

1. 0|8 &27H
- AMEXZEH GOl =30|l= =58H, E8 M =8t O[] =& dMZ FH2s| Fo|st AFZXIO|A S+
- HOolH £&: Z28= 2ToH/| 2o ERst HOo[HAS 1

2

=
=
- HIOlE| A& 3 513 AFEAIC| O] 7t 2Rt 0|72t
ALtR?

- HIOIE XMF: HIO|HE O{EA MYSILR? +7t HO|HO| E2E o ALtR? AKX HO[HES A HStLIR?

g ool = O S 2[# 0] 4F B Zet 2L HE



Deploying & Monitoring
= D HiE A GJO|E £Fat AL Al 112 Al

2. H|O|E| HTk
- OOl £=%0| HEL|Of HAHY ZEHE o2 HI0| ZfS =,
- BE OO M2 HakE|of QJCHD 7H-StD, O] HeFo| HEof LotLt ok

= HZ&
LAE HO|E: Z H0|H= ==2t2d0| /=0l 0|F FAIot0 58 2

-

. &Y QR EE
- iEg: 722 HolHi2 ZH TS 20| &#SHX| Xttt

- H2E: €7 HIo[HM 2 CFE HIo[H A0 H[3H F1517] 2= = RUL

. U HEHZ Hgo APHSIEE DEs MEN, TR Yol o) B0l 4 4 Qck

g ool = O S 2[# 0] 4F B Zet 2L HE



& Monitoring

Deploying

= GEI HH'_'T'_' AI L

Hl
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e
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Deploying & Monitoring

= D HjE A REZ 08 Ale

4. Hrj 37
. BHEE =0|HLF wEt Al7|#H &= AlE (adversarial attack)S 1 2{8fA ZEZ sljOf &
- HIj 342 47| /8 §7|1Hc= 2E YOo|E
- MER A5 IfEH ZX[E et ZLHE A|AH EHe

5. 0|F Al
- ofLte] ZX oz JYUE Y|=0| CHE SHOE ALBE= A
- YO0 T|=0| A V=R A
- =Ear/9= oM 7|& (deep fake)O| HA|HOZ A2 | HLL EFQI AFA

g ool = O S 2[# 0] 4F B Zet 2L HE



Deploying & Monitoring- Deployment (Hj )| & Ef

= MHZ H|E- AEZ|Q OfS2|AH 0| M (API)

. A0 HE U2 EEBH0| AN 0|5,
. HE0| Cf3 2 A0l £ 2 I Ba.

—> Request u IOI'E
4w Response o T7|EQ QZEIE MALESIH 15 V5.
Client Server Database
= C}
Model b

A
v

o SAAREAS 7t S0 g0 et HES| elZetE
=2{0F g

- REMMHO T FEIEIE

$0
0jo

. *‘|H'|°|Hw7fE'3'01|*|—1§fE|X|Oa% U (A H O
GPUZI 912 M o)

https://fullstackdeeplearning.com/spring2021/lecture-11/
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Deploying & Monitoring- Deployment (Hj )| & Ef

= A= HYE- H{X| 0|= (Batch Prediction)

« F/|H2 = MEZ= 0| 0f Cholf 2& 2Alot0] At X d
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