
Lecture 1: Introduction & 	

Text Classification

Greg Durrett and Shauli Ravfogel

DS-GA 1011: Fundamentals of Natural Language Processing	



Today

‣ Introduction to this course	

‣ Brief History of NLP	

‣ Text classification
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Logistics

‣ Course website (including syllabus): https://gregdurrett.github.io/courses/
fa2026/index.html

‣ Discord, Gradescope: link in the BrightSpace.

‣ Lecture: Wednesday ‎10:15am - 12:15pm, ‎36 E 8th St (Cantor Film Ctr) Room 
102

‣ Section: Thursday 10:15am–11:05am · Cantor, Room 101
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‣ Greg Durrett	

‣ Office hours: TBD	

‣ Shauli Ravfogel	

‣ Office hours: Wed 2:00-3:00, room 611 @ 60 5th - Please mail in 
advance!

Course Staf

Varun Yerram
vy2142@nyu.edu
Office hour: Thursday 4:00 pm - 5:00 pm

Shashwat Singh
ss20428@nyu.edu
Office hour: Tuesday 2:00 - 3:00 
pm

Yihuai Hong
yihuaihong@nyu.edu
Office hour: Thursday, 2–3pm

Wenxuan Ding
yc7320@nyu.edu
Office hour: Monday 2:30  -3:30 
pm

mailto:yihuaihong@nyu.edu
mailto:vy2142@nyu.edu
mailto:yc7320@nyu.edu
mailto:ss20428@nyu.edu


What is this course

‣ Introductory-level class for modern NLP methods	

‣ Learn the technical tools with natural language processing	

‣ Equip you to further explore language technology	

‣ Understand the capabilities and limitations of technology
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What this course is not about

‣ General machine learning or deep learning course	

‣ We focus on modeling language phenomena	

‣ Learn how to formalize and frame NLP tasks as learning problems	

‣ We will cover recent deep learning techniques	

‣ Project-based capstone class	

‣ Advanced specialized seminar class
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Prerequisites

‣ Probability, statistics, linear algebra (DS-GA.1002, MATH-UA.140, 
MATH-UA.235)	

‣ Algorithms and data structure (CSCI-UA.102)	

‣ Basic knowledge in machine learning (DS-GA.1003, CSCI-UA.0473). 
We will not spend a significant amount of time on machine learning 
basics so some prior exposure to the supervised learning 
framework (e.g., loss functions, SGD) is expected.
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Format and Accessibility

‣ Required equipment: some way to do homework through..

‣ Laptop / an access to server machine to do programming assignments.	

‣ GPU not required for earlier assignments, helpful for final projects and the last 
assignment.	

‣ We will offer GPU credits on NYU’s server machines. More on this later!

‣ Lectures will include times for discussion, in-class exercises, and questions. 



What will be covered in the section

‣ Supplementary materials to lectures	

‣ Hands-on exercises (Jupyter notebooks) on the concepts covered in 
the lecture	

‣ Tutorials for using server machines	

‣ Additional topics not covered in the lecture
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‣ Homework: 20% of final grade (4 assignments) 	

‣ HW1-4: Homework with programming parts (generally released two 

weeks before it is due).	

‣ Each homework will count equally to the final grade.
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Coursework: 1/4



‣ Homework Quizzes: 30% of final grade (3 quizzes) 	
‣ Conducted during the first 15 minutes of the lecture.	
‣ Three quizzes total: Sept 16, Oct 7, Nov 17.	
‣ Closed-book quiz covering materials covered in the lectures.	
‣  The quizzes will consist of questions (True/False, multiple choice, 

and short answer) that evaluate concepts covered during lectures 
in the weeks preceding the quiz. Prior to the first quiz, the course 
staff will post sample quiz questions to help with your preparation.  
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Coursework: 2/4



‣ Midterm Exam: 30% of final grade, in-class	

‣ Date: October 28	

‣ Covers lectures, labs & home assignments	

‣ Students will be allowed one standard letter (8.5" x 11") page of notes 
during exams
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Coursework: 3/4



‣ Final Project (20% of grade)	

‣ Each project can be completed by a team of 2 to 3 students.	

‣ Open-ended projects applying techniques learned in the class. 	

‣ A project proposal will be submitted by Nov 4 and feedback will be 
provided by the course staf
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Coursework: 4/4



Late Day Policy

‣ You have 5 slip days (24 hour extensions) throughout the semester to 

use for assignments. You cannot use it for project-related deadlines.	

‣ For each day late an assignment is turned in not covered by a slip day 

or negotiated extension, 15% of the received grade for that 

assignment will be deducted

14



Course Materials

‣ No need to buy textbooks!	

‣ Readings will be posted in the course website schedule. 	

‣ Often chapters from textbooks (freely available as PDFs online), or 
recent research papers.
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https://web.stanford.edu/~jurafsky/slp3/



Academic Honesty

‣ You may work in groups, but your final writeup and code must be your (and your 
teammate’s) own

‣ Do NOT share code with others!

‣ If you are unsure, ask! 

‣ For team projects, work TOGETHER with your partner, instead of simply dividing 

‣ You can use AI assistants (including for coding assistants). However, you should 
document your usages briefly when you submit your work, and you are expected 
to understand every line of code or answer. 



What will be covered in the lectures

Week 1 Introduction + Text classification
Week 2 Word embeddings
Week 3 Sequence Modeling
Week 4 LLMs
Week 5 Generation
Week 6 Pre-training
Week 7 Post-training
Week 8 Scaling
Week 9 Evaluation & Benchmarking

Week 10 Benchmarking and Evaluation 
Week 11 Interpretability
Week 12 Agents
Week 13 TBD

HW1: Feedforward 
Classifier

HW2: 
Transformers

HW3: LLM 
Promp.ng

HW4: LLM Fine-
tuning

Quiz 1

Quiz 2

Quiz 3

Report

Proposal



Tips for the course

‣ Do NOT take this course with overloaded schedule	

‣ Do NOT skip prerequisites	

‣ Don’t procrastinate on project / assignments
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Today

‣ Introduction to this course	

‣ Brief introduction to NLP	

‣ Challenges of NLP	

‣ History of NLP	

‣ Text classification
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Why is language hard?



Language is Ambiguous!



Types of Ambiguity: Syntactic
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Types of Ambiguity: Semantic
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‣ Direct meanings:	
‣ It understands you like your mother (does) [presumably well]	
‣ It understands (that) you like your mother	

‣ “mother” could mean:	
‣ a woman who has given birth to a child	
‣ a stringy slimy substance consisting of yeast cells and bacteria; is added to cider or 

wine to produce vinegar	
‣ Context matters, e.g. what if previous sentence was:	
‣ Wow, Amazon predicted that you would need to order a big batch of new vinegar 

brewing ingredients.

At last, a computer that understands you like your mother.

[Example from Lillian Lee]

Language Ambiguity



Situated Understanding of Language

25 https://greatbritishmag.co.uk/uk-culture/what-the-british-say-and-what-they-actually-mean/



Sparsity of the data

‣ New word constantly comes up!

26 https://www.lucasinfografia.com/Mother-tongues
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‣Even worse for low resource languages

https://www.lucasinfografia.com/Mother-tongues


Challenges in Machine Translation

‣ Ambiguity can lead to biases
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‣ Lacking common sense

“I’m a huge metal fan!”

“Je suis un énorme ventilateur en 
métal” (“I’m a large ventilator 
made of metal.”)

Source: https://www.skynettoday.com/editorials/state_of_nmt



Today

‣ Introduction to this course	

‣ Brief introduction to NLP	

‣ Challenges of NLP	

‣ History of NLP	

‣ Text classification
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Brief History of NLP
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‣ 1940-50s: introducing probability	
‣ 1950-80s: expert hand-written rules	
‣ 1990s: statistical model coming back	
‣ 2010s: large-scale models

Analyzing the dependent probabilities of letters and words appearing in 
combination with each other: statistical modeling of English



First attempt: Statistical Modeling of Language
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When I eat pizza, I wipe off the ____ 
Many children are allergic to ____ 
I saw a ____

grease 0.5 
sauce 0.4 
dust 0.05 
…. 
mice 0.0001 
…. 
the     1e-100

Claude Shannon

‣ The Shannon Game:	
‣ How well can we predict the next word?	

‣ How good are we doing?	
‣ 	Compute per word log likelihood (total n words):

1

n

nX

i=1

logP (wi|w1, . . . , wi�1)l = P(xi |x1, x2 . . . xi−1)



Predicting next word is useful!
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P (high school principal) > P (high school principle)



Brief History of NLP
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‣ 1940-50s: introducing probability	
‣ 1950-80s: expert hand-written rules	
‣ 1990s: statistical model coming back	
‣ 2010s: large-scale models



Second Attempt: Writing Rules
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(1) Colorless green ideas sleep furiously.	

(2) Furiously sleep ideas green colorless.

It is fair to assume that neither sentence (1) nor 
(2) (nor indeed any part of these sentences) had 
ever occurred in an English discourse. Hence, in 
any statistical model for grammaticalness, these 
sentences will be ruled out on identical grounds 
as equally "remote" from English. Yet (1), though 
nonsensical, is grammatical, while (2) is not.” 
(Chomsky 1957)



Brief History of NLP
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‣ 1940-50s: introducing probability	
‣ 1950-80s: expert hand-written rules	
‣ 1990s: statistical model coming back	
‣ 2010s: large-scale models



Annotating Data: Penn Treebank (1993)
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( (S 
    (NP-SBJ (DT The) (NN move)) 
    (VP (VBD followed) 
      (NP 
        (NP (DT a) (NN round)) 
        (PP (IN of) 
          (NP 
            (NP (JJ similar) (NNS increases)) 
            (PP (IN by) 
              (NP (JJ other) (NNS lenders))) 
            (PP (IN against) 
              (NP (NNP Arizona) (JJ real) (NN estate) (NNS loans)))))) 
      (, ,) 
      (S-ADV 
        (NP-SBJ (-NONE- *)) 
        (VP (VBG reflecting) 
          (NP 
            (NP (DT a) (VBG continuing) (NN decline)) 
            (PP-LOC (IN in) 
              (NP (DT that) (NN market))))))) 
    (. .)))

‣50,000 annotated sentences!	
‣Usual set-up:	
‣ 40,000 training	
‣ 2,400 test

A ProbabilisticContext-FreeGrammar (PCFG)

S ⇒ NP VP 1.0
VP ⇒ Vi 0.4
VP ⇒ Vt NP 0.4
VP ⇒ VP PP 0.2
NP ⇒ DT NN 0.3
NP ⇒ NP PP 0.7
PP ⇒ P NP 1.0

Vi ⇒ sleeps 1.0
Vt ⇒ saw 1.0
NN ⇒ man 0.7
NN ⇒ woman 0.2
NN ⇒ telescope 0.1
DT ⇒ the 1.0
IN ⇒ with 0.5
IN ⇒ in 0.5

• Probability of a tree t with rules
α1 → β1,α2 → β2, . . .,αn → βn

is
p(t) =

n

i= 1
q(αi → βi )

where q(α→ β) is the probability for rule α→ β.
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The man sleeps     

NNDT Vi

VPNP

S

S

t1=

p(t1)=1.0*0.3*1.0*0.7*0.4*1.0

1.0

0.40.3

1.0 0.7 1.0

IN



“AI winter” 
rule-based, 
expert systems

Unsupervised models:	
 topic modelsStatistical 

parsers

A brief history of statistical NLP

1980 1990 2000 2010 2020

earliest stat MT 
work at IBM

Penn 
treebank

NP VP

S

Supervised:	
Classifi. 
Models

Semi-sup, 
structured	
prediction

Neural



Related Fields
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‣ Computational Linguistics:	
‣ Use computational tools to study language	

‣ Cognitive Science	
‣ Figuring out how the human brain works	
‣ Includes parts that do language	

‣ Speech	
‣ Mapping audio signals to text	
‣ Traditionally separate from NLP, converging?	
‣ Traditionally two components: acoustic models and language models



Today

‣ Introduction to this course	

‣ Brief History of NLP	

‣ Text classification
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Classification

‣ Introduction: Classification Problem	

‣ Learning a classifier	

‣ Log-linear classifier (maximum entropy models)	

‣ Perceptron	

‣ Feedforward Neural Network
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Classification

‣ Input: some text x (e.g., a sentence, document), usually a sequence 
of words of length |x|
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x = w1, w2, …, w|x|

y ∈ c1, c2, ⋯cN

‣ Output: a label y (from a finite, pre-defined label set C)

f : x → y‣ Classifier: 



Classification is useful!
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Task X Y

Sentiment Analysis product review {positive, negative}

Topic Classification documents {politics, sports, arts, …}

Author Identification Text (could be tweet, 
books) {Shakespear, Obama, …}

Medical Diagnosis doctors’ note {flu, cold, allergy, 
COVID,..}

… many others

Binary 
classification

Multiclass 
classification



Image Classification

‣ Thousands of classes (ImageNet)

Car

Dog
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Entity Linking

‣ 6,000,000 classes (all articles in Wikipedia)

Although he originally won the 
event, the United States Anti-
Doping Agency announced in 
August 2012 that they had 
disqualified  Armstrong  from 
his seven consecutive Tour de 
France wins from 1999–2005.

Lance Edward Armstrong is 
an American former 
professional road cyclist

Armstrong County 
is a county in 
Pennsylvania…

?
?

43



Supervised Learning
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Development Data Held-out Test  
Data

‣ We learn a model from annotated data	

‣ Limitations?	

‣ Annotations are often expensive, noisy	

‣ Data shifts (changing label sets, input texts)

Training Data
<latexit sha1_base64="tMcTe+vIndhf4ErpznTMUkX8NUI=">AAACDnicbZBNS8NAEIY39avWr6hHL4ul0EIJSZHqsejFU6lgW6FNy2a7aZduPtjdiCH0F3jxr3jxoIhXz978N27aHLR1YOGZd2aYndcJGRXSNL+13Nr6xuZWfruws7u3f6AfHnVEEHFM2jhgAb9zkCCM+qQtqWTkLuQEeQ4jXWd6lda794QLGvi3Mg6J7aGxT12KkVTSUC+VHwZWFcYDq1KFimsp1ypVwzDStJmmzcpQL5qGOQ+4ClYGRZBFa6h/9UcBjjziS8yQED3LDKWdIC4pZmRW6EeChAhP0Zj0FPrII8JO5ufMYEkpI+gGXD1fwrn6eyJBnhCx56hOD8mJWK6l4n+1XiTdCzuhfhhJ4uPFIjdiUAYw9QaOKCdYslgBwpyqv0I8QRxhqRwsKBOs5ZNXoVMzrLpRvzkrNi4zO/LgBJyCMrDAOWiAa9ACbYDBI3gGr+BNe9JetHftY9Ga07KZY/AntM8fxZaXig==</latexit>

(x1, y1), (x2, y2), ...(xN , yN )



Evaluation

‣ Accuracy
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‣ Alternative Measures	

‣ Precision(p):	

‣ Recall(r):	

‣ F-measure: <latexit sha1_base64="gl8qjROYfq5VWXqt9NR2EiZyRUk=">AAAB+HicbVBNSwMxEJ31s9aPrnr0EiyCIJTdItVj0YvHCvYD2qVk02wbms2GJCvUpb/EiwdFvPpTvPlvTNs9aOuDgcd7M8zMCyVn2njet7O2vrG5tV3YKe7u7R+U3MOjlk5SRWiTJDxRnRBrypmgTcMMpx2pKI5DTtvh+Hbmtx+p0iwRD2YiaRDjoWARI9hYqe+WepHCJKtKNc3khZr23bJX8eZAq8TPSRlyNPruV2+QkDSmwhCOte76njRBhpVhhNNpsZdqKjEZ4yHtWipwTHWQzQ+fojOrDFCUKFvCoLn6eyLDsdaTOLSdMTYjvezNxP+8bmqi6yBjQqaGCrJYFKUcmQTNUkADpigxfGIJJorZWxEZYZuEsVkVbQj+8surpFWt+LVK7f6yXL/J4yjACZzCOfhwBXW4gwY0gUAKz/AKb86T8+K8Ox+L1jUnnzmGP3A+fwAA0ZNV</latexit>

2pr

p+ r

True Label

Model 
Prediction

1 0

1 True positive False positive

0 False negative True negative

<latexit sha1_base64="MMmIHuUAECqBm0BVgvXVlZA09Zc=">AAACNXicdZDNSsNAFIUn/tb6V3XpZrAIglASEXVZdOPCRQWrQlPKZHrTDk4mYeZGLCEv5cb3cKULF4q49RWctF2o1QMDh+/cy3BPkEhh0HWfnanpmdm5+dJCeXFpeWW1srZ+aeJUc2jyWMb6OmAGpFDQRIESrhMNLAokXAU3J0V+dQvaiFhd4CCBdsR6SoSCM7SoUznzQ8145iPcYeZXKeoUaBIbgeIWaJ7/l+xSi0ImDVAFPVawPO9Uqm7NHYpOGm9sqmSsRqfy6HdjnkagkEtmTMtzE2xnTKPgEvKynxpIGL9hPWhZq1gEpp0Nr87ptiVdGsbaPoV0SL9vZCwyZhAFdjJi2De/swL+lbVSDI/amVBJiqD46KMwlRRjWlRIu0IDRzmwhnFt++CU95mtEW3RZVuC9/vkSXO5V/MOagfn+9X68biOEtkkW2SHeOSQ1MkpaZAm4eSePJFX8uY8OC/Ou/MxGp1yxjsb5Ieczy9IvKxU</latexit>

# true positive

# true positive + # false negative

<latexit sha1_base64="0FoHuiunfUN5UA5JYS2DJYqczuA=">AAACNXicdZBLS8NAFIUnPmt9RV26GSyCIJRERF0W3bhwUcE+oAllMr3RwcmDmRuxhPwpN/4PV7pwoYhb/4LTB/ioXhg4fOdehnOCVAqNjvNkTU3PzM7NlxbKi0vLK6v22npTJ5ni0OCJTFQ7YBqkiKGBAiW0UwUsCiS0guuTgd+6AaVFEl9gPwU/YpexCAVnaFDXPvNCxXjuIdxi7lUoqgxommiB4gZoUfzn7FKDQib1FyuKrl1xqs5w6KRwx6JCxlPv2g9eL+FZBDFyybTuuE6Kfs4UCi6hKHuZhpTxa3YJHSNjFoH282Hqgm4b0qNhosyLkQ7p94ucRVr3o8BsRgyv9G9vAP/yOhmGR34u4jRDiPnoozCTFBM6qJD2hAKOsm8E48pk55RfMVMjmqLLpgT3d+RJ0dyrugfVg/P9Su14XEeJbJItskNcckhq5JTUSYNwckceyQt5te6tZ+vNeh+tTlnjmw3yY6yPT3oirHQ=</latexit>

# true positive

# true positive + # false positive<latexit sha1_base64="Q1gEdijk/6Dreuofm9mSsYU9sG8="></latexit>

# true positive + # true negative

# all examples



Evaluation
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Evaluation
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Evaluation
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Thinking about classification task

‣ cancer screening test	

‣ company hiring	

‣ movie recommendation

49

‣ where would accuracy not informative?	

‣ where would precision matter more than recall?	

‣ where would recall matter more than precision?



Overview

‣ Classification Problem	

‣ Learning a classifier	

‣ Logistic Regression	

‣ Perceptron	

‣ Feedforward Neural Network
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Logistic Regression Model
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‣ Building Blocks: 	

‣ Represent input in a feature representation	

‣ Classification function to compute  using  	

‣ Loss function (for learning)	

‣ Optimization algorithm	

‣ Training: 	
Learn the parameters of the model ( ) to minimize loss function	

‣ Test: 	
Apply parameters to predict class given a new input x

y* P(y |x)

w



Features

‣ Mapping an input to a fixed dimensional vector

52

ϕ(x) ∈ Rd



Sparse Feature Vector
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‣ Traditional approaches build one-hot feature vector for each word. 

truck  = [0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0] 
taco = [0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0]

Car  = [0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1] 
Bus = [1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0]

‣ The dimension of the vector?

‣ No notion of similarity / relationship between words.. 

‣ Simplest version: “Unigram” (one hot) vector



Bag of Words 

54
Figure from J&M 4.1

truck  = [0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0] 
taco     = [0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0]

“taco truck” = [0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0]



Application: Sentiment Analysis

Bo Pang, Lillian Lee, Shivakumar Vaithyanathan (2002)

the movie was gross and overwrought, but I liked it

this movie was great! would watch again

this movie was not really very enjoyable

+
+

—



56 Fig 4.2 in J&M

Application: Sentiment Analysis



Classification Function
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‣ Given an input feature vector:  ϕ(x) ∈ Rd

‣ Output:  p(y = 1 |x, w)

‣ Learning a classification function:      f : Rd → [0,1]

‣ Sigmoid: 

σ(z) =
1

1 + e−z
y

z

‣ A weight vector: w ∈ Rd

z = w ⋅ ϕ(x)

p(y = 1 |x, w) = σ(w ⋅ ϕ(x))

Given input x and weight vector w, what is p(y=1)?



Binary Classification

P(y = 1 |x, w) =
1

1 + e−(w⋅ϕ(x))

58

‣ Probabilities: 

‣ Decision Boundary: 

y* = argmaxy∈0,1p(y |x, w)



Classification Function

P(y = 1 |x, w) =
1

1 + e−(w⋅ϕ(x))

59

‣ binary classifier (sigmoid):

y* = argmaxy∈Cw ⋅ ϕ(x, y)

p(y |x, w) =
e(w⋅ϕ(x,y))

∑y′￼

e(w⋅ϕ(x,y′￼))

‣ multi class classifier (softmax):

y* = argmaxy∈0,1p(y |x, w)

ϕ(x) ϕ(x, y)Feature vector:
‣ Softmax = 

“exponentiate and 
normalize”



Logistic Regression Model
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‣ Building Blocks:	

‣ Represent input in a feature representation	

‣ Classification function to compute  using  	

‣ Loss function (for learning)	

‣ Optimization algorithm	

‣ Training: 	
Learn the parameters of the model ( ) to minimize loss function	

‣ Test: 	
Apply parameters to predict class given a new input x

y* P(y |x)

w



Logistic Regression: Classification function

‣ You compute the score for each label, and predict the label with the 
highest score

61

How do we learn the weight vector w?

y* = argmaxy∈0,1p(y |x, w)

P(y = 1 |x, w) =
1

1 + e−(w⋅ϕ(x))



What is the best weights?

‣ Goal: Choose the weights that will give highest test set accuracy / F1	

‣ But we don’t have an access to the test set	

‣ Maybe choose the weights that gives highest training set accuracy / 
F1?	

‣ Optimization is not easy	

‣ May not generalize to test set

62



Learning Objective

‣ Model: we use the scores to compute probabilities
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p(y = 1 |x, w) =
1

(1 + e(−w⋅ϕ(x))

log
N

∏
i=1

p(yi |xi, w) =
N

∑
i=1

log(p(yi |xi, w))

‣ Learning: maximize the log conditional likelihood of training data

‣ We define loss as minimizing negative log likelihood of data

L(w) = −
N

∑
i=1

log(p(yi |xi, w))



Negative Log Likelihood Loss

‣ Unfortunately, this does not have a closed form solution	

‣ Differentiable	

‣ Convex (local optima = global optima)

64



Optimization

‣ Basic Idea:	

‣ Compute the derivate, move following the gradient incrementally	

‣ At local optimum, derivative will be zero	

‣ Stochastic Gradient Descent	

‣ Compute the loss and minimize after each training example

65



Optimization
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Optimization
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Learning Rate
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Updates: w ← w − η
d

dw
L(w)

Higher/faster learning rate ( ):	
larger updates to parameters

η



Logistic Regression Model
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‣ Building Blocks: 	

‣ Represent input in a feature representation	

‣ Classification function to compute  using  	

‣ Loss function (for learning)	

‣ Optimization algorithm	

‣ Training: 	
Learn the parameters of the model ( ) to minimize loss function	

‣ Test: 	
Apply parameters to predict class given a new input x

y* P(y |x)

w



70

Let’s compute gradient! (Binary)

L(w) = − log
N

∏
i=1

p(yi |xi, w)

= −
n

∑
i=1

[y(i) log ̂y + (1 − y(i))log(1 − ̂y)]

= −
n

∑
i=1

[y(i) log σ(w ⋅ ϕ(x(i))) + (1 − y(i))log(1 − σ(w ⋅ ϕ(x(i))))]

dL(w)
dwj

= −
n

∑
i=1

[y(i)ϕ(xi)j − σ(w ⋅ ϕ(x(i)))ϕ(xi)j]

̂y = σ(w ⋅ ϕ(x(i)))

Calculus!	

Input feature value

Total count of feature j in positive candidate
Expected count of feature j in predicted positive candidate

correct candidate

expected candidate

dL(w)
dwj

= −
n

∑
i=1

[y(i) − ̂y]ϕ(xi)j



Exercise

‣ Suppose we have a single training example [1, 1, 0] with true label = 1.	

‣ Initialize our weights to all zeroes: w = [0, 0, 0]	

‣ (1) What are the class probabilities P(y|x) for each class given by logistic regression with 
these weights?	

‣ (2) What would the LR update be with these class probabilities? That is, taking one step of 
stochastic gradient descent on this example with step size = 1, what weight vector do we 
get?	

‣ (3) Suppose we train on this single example repeatedly. Qualitatively (i.e., you don't need to 
compute it, just describe what happens), how do the logistic regression weights change 
after encountering this example on subsequent iterations?  71

Input feature value

correct candidate

expected candidate

dL(w)
dwj

= −
n

∑
i=1

[y(i) − ̂y]ϕ(xi)j

‣ Sigmoid: 

σ(z) =
1

1 + e−z
y

z



Implementation

‣ Supposing k active features on an instance, gradient is only nonzero 
on k dimensions

‣ In PyTorch: applying sparse gradients only works for certain 
optimizers and sparse updates are very slow (assumes dense feature 
vectors)

‣ k < 100, total num features = 1M+ on many problems

‣ Be smart about applying updates!
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Classification Function

P(y = 1 |x, w) =
1

1 + e−(w⋅ϕ(x))

73

‣ binary classifier (sigmoid):

y* = argmaxy∈0,1p(y |x, w)

ϕ(x)Feature vector:

dL(w)
dwj

= −
n

∑
i=1

[y(i)ϕ(xi)j − σ(w ⋅ ϕ(x(i)))ϕ(xi)j]

Total count of feature j in correct candidate

Expected count of feature j in predicted candidate

y* = argmaxy∈Cw ⋅ ϕ(x, y)

p(y |x, w) =
e(w⋅ϕ(x,y))

∑y′￼

e(w⋅ϕ(x,y′￼))

‣ multi class classifier (softmax):

ϕ(x, y)

dL(w)
dwj

= −
N

∑
i=1

(ϕ(xi, yi)j − ∑
y′￼

P(y′￼|xi, w)ϕ(xi, y′￼)j)



Overfitting?

‣ Regularization:	

‣ Imposing an additional penalty on the form of the solution	

‣ Add a L2 regularization term to the likelihood, to suppress very large 
weights. We want an economic solution.

74

L(w) = − log
N

∏
i=1

p(yi |xi, w) +
λ
2

| |w | |2

Big weights are bad

dL(w)
dwj

= −
n

∑
i=1

[y(i) − σ(w ⋅ ϕ(x(i)))]ϕ(xi)j+



Overfitting?
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Overfitting?
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Types of Supervised Classifiers

‣ Probabilistic: can develop rich features 	

‣ Q: Do we have to estimate a probability distribution at all?	

‣ Linear predictor: 	

‣ Perceptron algorithm	

• Error driven, simple, additive updates

y* = argmaxyp(y |x)

y* = sign(w ⋅ ϕ(x))

77



Perceptron

‣ Start with zero weight vector. 

‣ If correct ( ): do nothing!	

‣ If incorrect:
y* = = yi

78

‣ Visit training examples one by one.

negative, w ← w − ϕ(xi)
w ← w + ϕ(xi)if label is positive, 

‣ Decision rule: y* = sign(w ⋅ ϕ(xi))



Multi-class Perceptron

‣ Start with zero weights	
‣ Visit training instances (x(i),y(i)) one by one	
‣ Make a prediction

79

w = w + ϕ(xi, yi) − ϕ(xi, y*)

‣ If correct (y*==y(i)): no change, go to next example!	
‣ If wrong: adjust weights

<latexit sha1_base64="z2nClp8u9jYlns1AJTWPPVPGR5k="></latexit>

y→ =argmaxy↑Cw · ω(xi, y)



Multi-class Perceptron
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Perceptron Learning

81

Separable Non-Separable

‣ No counting or computing probabilities on training set	

‣ Separability: some parameters get the training set perfectly correct	

‣ Convergence: if the training is separable, perceptron will eventually converge	

‣ Mistake Bound: the maximum number of mistakes (binary case) related to the margin or 

degree of separability



Perceptron vs. Logistic Regression

82

‣ If correct: do nothing!	
‣ If incorrect: 	
‣ if label is positive, 
if negative, 

w ← w + ϕ(x)
w ← w − ϕ(x)

Logistic RegressionPerceptron

P(y = 1 |x, w) = ̂y = σ(w ⋅ ϕ(x))

dL(w)
dwj

= −
n

∑
i=1

[y − ̂y]ϕ(x)j

if positive, 

if negative, 

w ← w + ϕ(x)(1 − ̂y)

w ← w − ϕ(x) ̂y

Pr
ed

ic
ti
on

y* = sign(w ⋅ ϕ(x))

w ← w − η
d

dw
L(w)‣ Always:

Le
ar
ni
ng

<latexit sha1_base64="a4ZqI9CxxmjDgIb1jLEkxsdyq58=">AAACFHicbVBNS8NAEN3U7/pV9ehlsQhVS0lEqhdB9OJRwarQ1LLZbtulm03YnWhDzI/w4l/x4kERrx68+W/c1hy09cHA470ZZuZ5oeAabPvLyk1MTk3PzM7l5xcWl5YLK6uXOogUZTUaiEBde0QzwSWrAQfBrkPFiO8JduX1Tgb+1S1TmgfyAuKQNXzSkbzNKQEjNQs78c02PsQusD4kRHV80k+bSYxdLnFil500xWEpvu+X8d1Ws1C0K/YQeJw4GSmiDGfNwqfbCmjkMwlUEK3rjh1Cw6wBTgVL826kWUhoj3RY3VBJfKYbyfCpFG8apYXbgTIlAQ/V3xMJ8bWOfc90+gS6etQbiP959QjaB42EyzACJunPonYkMAR4kBBuccUoiNgQQhU3t2LaJYpQMDnmTQjO6Mvj5HK34lQr1fO94tFxFscsWkcbqIQctI+O0Ck6QzVE0QN6Qi/o1Xq0nq036/2nNWdlM2voD6yPb6nVnVQ=</latexit>

y→ = argmaxy↑0,1p(y|x,w)



Overview

‣ Classification Problem	

‣ Learning a classifier	

‣ Logistic Regression	

‣ Perceptron	

‣ Feedforward Neural Network

83



What makes neural network different 
from classifiers we learned so far?



Why Neural Network?

85

‣ Want to learn intermediate conjunctive features of the input

‣ Linear classification:

the movie was not all that good

I[contains not & contains good]

‣ How do we learn this if our feature vector is just the unigram indicators?

I[contains not], I[contains good]

argmaxy∈0,1w ⋅ ϕ(x)



Neural Networks: XOR
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x1

x2

x1 x2

1 1
1
11

1
0
0 0

0
0

0

0

1 0

1

x1, x2

y

y = x1 XOR x2

‣ Let’s see how we can use neural nets	
to learn a simple nonlinear function

‣ Inputs

‣ Output



Neural Networks: XOR
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x1

x2

x1 x2 x1 XOR x2

1 1
1
11

1
0
0 0

0
0

0

0

1 0

1
“or”

y = a1x1 + a2x2 X
y = a1x1 + a2x2 + a3 tanh(x1 + x2)

(looks like action 
potential in neuron)



Neural Networks: XOR

88

y = a1x1 + a2x2

x1

x2

x1 x2 x1 XOR x2

1 1
1
11

1
0
0 0

0
0

0

0

1 0

1

X
y = a1x1 + a2x2 + a3 tanh(x1 + x2)

x2

x1

“or”
y = �x1 � x2 + 2 tanh(x1 + x2)



Non linear activation function

• Entry-wise function:

89

f(z) =
1

1 + e�z
<latexit sha1_base64="4snGlhjxkE7I7roWcflso17LAcU=">AAACBHicbVDLSgMxFM3UV62vUZfdBItQEctEBN0IRTcuK9gHtGPJpJk2NJMZkozQDrNw46+4caGIWz/CnX9j2s5CWw9cOJxzL/fe40WcKe0431ZuaXlldS2/XtjY3NresXf3GiqMJaF1EvJQtjysKGeC1jXTnLYiSXHgcdr0htcTv/lApWKhuNOjiLoB7gvmM4K1kbp20S+Pj+Al7PgSkwSlCYLHkN4nJ+M07dolp+JMARcJykgJZKh17a9OLyRxQIUmHCvVRk6k3QRLzQinaaETKxphMsR92jZU4IAqN5k+kcJDo/SgH0pTQsOp+nsiwYFSo8AznQHWAzXvTcT/vHas/Qs3YSKKNRVktsiPOdQhnCQCe0xSovnIEEwkM7dCMsAmDm1yK5gQ0PzLi6RxWkFOBd2elapXWRx5UAQHoAwQOAdVcANqoA4IeATP4BW8WU/Wi/Vufcxac1Y2sw/+wPr8ASGfln4=</latexit><latexit sha1_base64="4snGlhjxkE7I7roWcflso17LAcU=">AAACBHicbVDLSgMxFM3UV62vUZfdBItQEctEBN0IRTcuK9gHtGPJpJk2NJMZkozQDrNw46+4caGIWz/CnX9j2s5CWw9cOJxzL/fe40WcKe0431ZuaXlldS2/XtjY3NresXf3GiqMJaF1EvJQtjysKGeC1jXTnLYiSXHgcdr0htcTv/lApWKhuNOjiLoB7gvmM4K1kbp20S+Pj+Al7PgSkwSlCYLHkN4nJ+M07dolp+JMARcJykgJZKh17a9OLyRxQIUmHCvVRk6k3QRLzQinaaETKxphMsR92jZU4IAqN5k+kcJDo/SgH0pTQsOp+nsiwYFSo8AznQHWAzXvTcT/vHas/Qs3YSKKNRVktsiPOdQhnCQCe0xSovnIEEwkM7dCMsAmDm1yK5gQ0PzLi6RxWkFOBd2elapXWRx5UAQHoAwQOAdVcANqoA4IeATP4BW8WU/Wi/Vufcxac1Y2sw/+wPr8ASGfln4=</latexit><latexit sha1_base64="4snGlhjxkE7I7roWcflso17LAcU=">AAACBHicbVDLSgMxFM3UV62vUZfdBItQEctEBN0IRTcuK9gHtGPJpJk2NJMZkozQDrNw46+4caGIWz/CnX9j2s5CWw9cOJxzL/fe40WcKe0431ZuaXlldS2/XtjY3NresXf3GiqMJaF1EvJQtjysKGeC1jXTnLYiSXHgcdr0htcTv/lApWKhuNOjiLoB7gvmM4K1kbp20S+Pj+Al7PgSkwSlCYLHkN4nJ+M07dolp+JMARcJykgJZKh17a9OLyRxQIUmHCvVRk6k3QRLzQinaaETKxphMsR92jZU4IAqN5k+kcJDo/SgH0pTQsOp+nsiwYFSo8AznQHWAzXvTcT/vHas/Qs3YSKKNRVktsiPOdQhnCQCe0xSovnIEEwkM7dCMsAmDm1yK5gQ0PzLi6RxWkFOBd2elapXWRx5UAQHoAwQOAdVcANqoA4IeATP4BW8WU/Wi/Vufcxac1Y2sw/+wPr8ASGfln4=</latexit><latexit sha1_base64="4snGlhjxkE7I7roWcflso17LAcU=">AAACBHicbVDLSgMxFM3UV62vUZfdBItQEctEBN0IRTcuK9gHtGPJpJk2NJMZkozQDrNw46+4caGIWz/CnX9j2s5CWw9cOJxzL/fe40WcKe0431ZuaXlldS2/XtjY3NresXf3GiqMJaF1EvJQtjysKGeC1jXTnLYiSXHgcdr0htcTv/lApWKhuNOjiLoB7gvmM4K1kbp20S+Pj+Al7PgSkwSlCYLHkN4nJ+M07dolp+JMARcJykgJZKh17a9OLyRxQIUmHCvVRk6k3QRLzQinaaETKxphMsR92jZU4IAqN5k+kcJDo/SgH0pTQsOp+nsiwYFSo8AznQHWAzXvTcT/vHas/Qs3YSKKNRVktsiPOdQhnCQCe0xSovnIEEwkM7dCMsAmDm1yK5gQ0PzLi6RxWkFOBd2elapXWRx5UAQHoAwQOAdVcANqoA4IeATP4BW8WU/Wi/Vufcxac1Y2sw/+wPr8ASGfln4=</latexit>

tanh

f(z) =
e2z � 1

e2z + 1
<latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="ntnODkgzo3T4kCfyY+K/0V4NGOg=">AAACAnicbZDLSgMxGIX/qbdaq45u3QSrUBHLTDe6EQQ3LivYC7RjyaSZNjSTGZKM0A7zAm58FTcuFPEh3Pk2phdBWw8EPs5J+PMfP+ZMacf5snIrq2vrG/nNwlZxe2fX3is2VJRIQusk4pFs+VhRzgSta6Y5bcWS4tDntOkPryd584FKxSJxp0cx9ULcFyxgBGtjde2joDw+QZeoE0hMUnqfVscZOkNu9sOnhrt2yak4U6FlcOdQgrlqXfuz04tIElKhCcdKtV0n1l6KpWaE06zQSRSNMRniPm0bFDikykun22To2Dg9FETSHKHR1P39IsWhUqPQNzdDrAdqMZuY/2XtRAcXXspEnGgqyGxQkHCkIzSpBvWYpETzkQFMJDN/RWSATS/aFFgwJbiLKy9Do1pxnYp760AeDuAQyuDCOVzBDdSgDgQe4Rle4c16sl6s91ldOWve2z78kfXxDYg8mDk=</latexit><latexit sha1_base64="ntnODkgzo3T4kCfyY+K/0V4NGOg=">AAACAnicbZDLSgMxGIX/qbdaq45u3QSrUBHLTDe6EQQ3LivYC7RjyaSZNjSTGZKM0A7zAm58FTcuFPEh3Pk2phdBWw8EPs5J+PMfP+ZMacf5snIrq2vrG/nNwlZxe2fX3is2VJRIQusk4pFs+VhRzgSta6Y5bcWS4tDntOkPryd584FKxSJxp0cx9ULcFyxgBGtjde2joDw+QZeoE0hMUnqfVscZOkNu9sOnhrt2yak4U6FlcOdQgrlqXfuz04tIElKhCcdKtV0n1l6KpWaE06zQSRSNMRniPm0bFDikykun22To2Dg9FETSHKHR1P39IsWhUqPQNzdDrAdqMZuY/2XtRAcXXspEnGgqyGxQkHCkIzSpBvWYpETzkQFMJDN/RWSATS/aFFgwJbiLKy9Do1pxnYp760AeDuAQyuDCOVzBDdSgDgQe4Rle4c16sl6s91ldOWve2z78kfXxDYg8mDk=</latexit><latexit sha1_base64="fVWwQ1I2ofWM38dTM+TFffdN8og=">AAACDXicbZC7SgNBFIbPxluMt1VLm8EoRMSwm0YbIWhjGcFcIFnD7GQ2GZy9MDMrJMu+gI2vYmOhiK29nW/jJFlBE38Y+PjPOZw5vxtxJpVlfRm5hcWl5ZX8amFtfWNzy9zeacgwFoTWSchD0XKxpJwFtK6Y4rQVCYp9l9Ome3c5rjfvqZAsDG7UMKKOj/sB8xjBSltd88ArjY7QOep4ApOE3iaVUYpOkJ3+8LHmrlm0ytZEaB7sDIqQqdY1Pzu9kMQ+DRThWMq2bUXKSbBQjHCaFjqxpBEmd7hP2xoD7FPpJJNrUnSonR7yQqFfoNDE/T2RYF/Koe/qTh+rgZytjc3/au1YeWdOwoIoVjQg00VezJEK0Tga1GOCEsWHGjARTP8VkQHWuSgdYEGHYM+ePA+NStm2yva1VaxeZHHkYQ/2oQQ2nEIVrqAGdSDwAE/wAq/Go/FsvBnv09ackc3swh8ZH98g0pmt</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit><latexit sha1_base64="G6vDyYAGjQKIG18jOKg0BSVdk0w=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmKZKYJuhKIblxXsBdpaMumZNjRzIckI7TAv4MZXceNCEbfu3fk2pu0I2vpD4OM/53ByfifkTCrL+jIyC4tLyyvZ1dza+sbmlrm9U5NBJChUacAD0XCIBM58qCqmODRCAcRzONSdwdW4Xr8HIVng36phCG2P9HzmMkqUtjrmgVsYHeEL3HIFoTHcxaVRgk+wnfzwseaOmbeK1kR4HuwU8ihVpWN+troBjTzwFeVEyqZthaodE6EY5ZDkWpGEkNAB6UFTo088kO14ck2CD7XTxW4g9PMVnri/J2LiSTn0HN3pEdWXs7Wx+V+tGSn3vB0zP4wU+HS6yI04VgEeR4O7TABVfKiBUMH0XzHtE52L0gHmdAj27MnzUCsVbato35zmy5dpHFm0h/ZRAdnoDJXRNaqgKqLoAT2hF/RqPBrPxpvxPm3NGOnMLvoj4+MbIhKZsQ==</latexit>

f(z) = max(0, z)
<latexit sha1_base64="kxOkDi9OteK9stnv3AMxRIaEm4s=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSxCC1ISEfQiFL14rGA/oA1ls920SzebsLtR29qf4sWDIl79Jd78N27bHLT1wcDjvRlm5vkxZ0o7zreVWVldW9/Ibua2tnd29+z8fl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB66jfuqVQsEnd6GFMvxD3BAkawNlLHzgfFUQldonaIH4vOCRqVOnbBKTszoGXipqQAKaod+6vdjUgSUqEJx0q1XCfW3hhLzQink1w7UTTGZIB7tGWowCFV3nh2+gQdG6WLgkiaEhrN1N8TYxwqNQx90xli3VeL3lT8z2slOrjwxkzEiaaCzBcFCUc6QtMcUJdJSjQfGoKJZOZWRPpYYqJNWjkTgrv48jKpn5Zdp+zenhUqV2kcWTiEIyiCC+dQgRuoQg0IPMAzvMKb9WS9WO/Wx7w1Y6UzB/AH1ucPEqeR7A==</latexit><latexit sha1_base64="kxOkDi9OteK9stnv3AMxRIaEm4s=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSxCC1ISEfQiFL14rGA/oA1ls920SzebsLtR29qf4sWDIl79Jd78N27bHLT1wcDjvRlm5vkxZ0o7zreVWVldW9/Ibua2tnd29+z8fl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB66jfuqVQsEnd6GFMvxD3BAkawNlLHzgfFUQldonaIH4vOCRqVOnbBKTszoGXipqQAKaod+6vdjUgSUqEJx0q1XCfW3hhLzQink1w7UTTGZIB7tGWowCFV3nh2+gQdG6WLgkiaEhrN1N8TYxwqNQx90xli3VeL3lT8z2slOrjwxkzEiaaCzBcFCUc6QtMcUJdJSjQfGoKJZOZWRPpYYqJNWjkTgrv48jKpn5Zdp+zenhUqV2kcWTiEIyiCC+dQgRuoQg0IPMAzvMKb9WS9WO/Wx7w1Y6UzB/AH1ucPEqeR7A==</latexit><latexit sha1_base64="kxOkDi9OteK9stnv3AMxRIaEm4s=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSxCC1ISEfQiFL14rGA/oA1ls920SzebsLtR29qf4sWDIl79Jd78N27bHLT1wcDjvRlm5vkxZ0o7zreVWVldW9/Ibua2tnd29+z8fl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB66jfuqVQsEnd6GFMvxD3BAkawNlLHzgfFUQldonaIH4vOCRqVOnbBKTszoGXipqQAKaod+6vdjUgSUqEJx0q1XCfW3hhLzQink1w7UTTGZIB7tGWowCFV3nh2+gQdG6WLgkiaEhrN1N8TYxwqNQx90xli3VeL3lT8z2slOrjwxkzEiaaCzBcFCUc6QtMcUJdJSjQfGoKJZOZWRPpYYqJNWjkTgrv48jKpn5Zdp+zenhUqV2kcWTiEIyiCC+dQgRuoQg0IPMAzvMKb9WS9WO/Wx7w1Y6UzB/AH1ucPEqeR7A==</latexit><latexit sha1_base64="kxOkDi9OteK9stnv3AMxRIaEm4s=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSxCC1ISEfQiFL14rGA/oA1ls920SzebsLtR29qf4sWDIl79Jd78N27bHLT1wcDjvRlm5vkxZ0o7zreVWVldW9/Ibua2tnd29+z8fl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB66jfuqVQsEnd6GFMvxD3BAkawNlLHzgfFUQldonaIH4vOCRqVOnbBKTszoGXipqQAKaod+6vdjUgSUqEJx0q1XCfW3hhLzQink1w7UTTGZIB7tGWowCFV3nh2+gQdG6WLgkiaEhrN1N8TYxwqNQx90xli3VeL3lT8z2slOrjwxkzEiaaCzBcFCUc6QtMcUJdJSjQfGoKJZOZWRPpYYqJNWjkTgrv48jKpn5Zdp+zenhUqV2kcWTiEIyiCC+dQgRuoQg0IPMAzvMKb9WS9WO/Wx7w1Y6UzB/AH1ucPEqeR7A==</latexit>

ReLU 	
(rectified linear unit)

Advantages of ReLU?

sigmoid

g

g g g

f 0(z) = f(z)⇥ (1� f(z))
<latexit sha1_base64="3GcbAayqBhW++9Kwcpn77Vsrhoc=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovYLiyJCLoRim5cVrAPaEOZTCft4OTBzI1QQ3du/BU3LhRx6y+482+cpFlo64FhDufcy733uJHgCizr2ygsLC4trxRXS2vrG5tb5vZOS4WxpKxJQxHKjksUEzxgTeAgWCeSjPiuYG337ir12/dMKh4GtzCOmOOTYcA9TgloqW/ue0eVhyq+wF769YD7TOGKjY8zodo3y1bNyoDniZ2TMsrR6JtfvUFIY58FQAVRqmtbETgJkcCpYJNSL1YsIvSODFlX04DoeU6S3THBh1oZYC+U+gWAM/V3R0J8pca+qyt9AiM166Xif143Bu/cSXgQxcACOh3kxQJDiNNQ8IBLRkGMNSFUcr0rpiMiCQUdXUmHYM+ePE9aJzXbqtk3p+X6ZR5HEe2hA1RBNjpDdXSNGqiJKHpEz+gVvRlPxovxbnxMSwtG3rOL/sD4/AFGEZW7</latexit><latexit sha1_base64="3GcbAayqBhW++9Kwcpn77Vsrhoc=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovYLiyJCLoRim5cVrAPaEOZTCft4OTBzI1QQ3du/BU3LhRx6y+482+cpFlo64FhDufcy733uJHgCizr2ygsLC4trxRXS2vrG5tb5vZOS4WxpKxJQxHKjksUEzxgTeAgWCeSjPiuYG337ir12/dMKh4GtzCOmOOTYcA9TgloqW/ue0eVhyq+wF769YD7TOGKjY8zodo3y1bNyoDniZ2TMsrR6JtfvUFIY58FQAVRqmtbETgJkcCpYJNSL1YsIvSODFlX04DoeU6S3THBh1oZYC+U+gWAM/V3R0J8pca+qyt9AiM166Xif143Bu/cSXgQxcACOh3kxQJDiNNQ8IBLRkGMNSFUcr0rpiMiCQUdXUmHYM+ePE9aJzXbqtk3p+X6ZR5HEe2hA1RBNjpDdXSNGqiJKHpEz+gVvRlPxovxbnxMSwtG3rOL/sD4/AFGEZW7</latexit><latexit sha1_base64="3GcbAayqBhW++9Kwcpn77Vsrhoc=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovYLiyJCLoRim5cVrAPaEOZTCft4OTBzI1QQ3du/BU3LhRx6y+482+cpFlo64FhDufcy733uJHgCizr2ygsLC4trxRXS2vrG5tb5vZOS4WxpKxJQxHKjksUEzxgTeAgWCeSjPiuYG337ir12/dMKh4GtzCOmOOTYcA9TgloqW/ue0eVhyq+wF769YD7TOGKjY8zodo3y1bNyoDniZ2TMsrR6JtfvUFIY58FQAVRqmtbETgJkcCpYJNSL1YsIvSODFlX04DoeU6S3THBh1oZYC+U+gWAM/V3R0J8pca+qyt9AiM166Xif143Bu/cSXgQxcACOh3kxQJDiNNQ8IBLRkGMNSFUcr0rpiMiCQUdXUmHYM+ePE9aJzXbqtk3p+X6ZR5HEe2hA1RBNjpDdXSNGqiJKHpEz+gVvRlPxovxbnxMSwtG3rOL/sD4/AFGEZW7</latexit><latexit sha1_base64="3GcbAayqBhW++9Kwcpn77Vsrhoc=">AAACB3icbVDLSsNAFJ3UV62vqEtBBovYLiyJCLoRim5cVrAPaEOZTCft4OTBzI1QQ3du/BU3LhRx6y+482+cpFlo64FhDufcy733uJHgCizr2ygsLC4trxRXS2vrG5tb5vZOS4WxpKxJQxHKjksUEzxgTeAgWCeSjPiuYG337ir12/dMKh4GtzCOmOOTYcA9TgloqW/ue0eVhyq+wF769YD7TOGKjY8zodo3y1bNyoDniZ2TMsrR6JtfvUFIY58FQAVRqmtbETgJkcCpYJNSL1YsIvSODFlX04DoeU6S3THBh1oZYC+U+gWAM/V3R0J8pca+qyt9AiM166Xif143Bu/cSXgQxcACOh3kxQJDiNNQ8IBLRkGMNSFUcr0rpiMiCQUdXUmHYM+ePE9aJzXbqtk3p+X6ZR5HEe2hA1RBNjpDdXSNGqiJKHpEz+gVvRlPxovxbnxMSwtG3rOL/sD4/AFGEZW7</latexit>

f 0(z) = 1� f(z)2
<latexit sha1_base64="MqVGA4i/sJsTCssjlSr5qxWmCNA=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFrAtLUgTdCEU3LivYC7SxTKaTduhkEmYmYg19FTcuFHHri7jzbZy2WWj1h4GP/5zDOfP7MWdKO86XlVtaXlldy68XNja3tnfs3WJTRYkktEEiHsm2jxXlTNCGZprTdiwpDn1OW/7oalpv3VOpWCRu9TimXogHggWMYG2snl0MjsqPx+gCuegEBQbvqj275FScmdBfcDMoQaZ6z/7s9iOShFRowrFSHdeJtZdiqRnhdFLoJorGmIzwgHYMChxS5aWz2yfo0Dh9FETSPKHRzP05keJQqXHom84Q66FarE3N/2qdRAfnXspEnGgqyHxRkHCkIzQNAvWZpETzsQFMJDO3IjLEEhNt4iqYENzFL/+FZrXiOhX35rRUu8ziyMM+HEAZXDiDGlxDHRpA4AGe4AVerYn1bL1Z7/PWnJXN7MEvWR/fnxSRkw==</latexit><latexit sha1_base64="MqVGA4i/sJsTCssjlSr5qxWmCNA=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFrAtLUgTdCEU3LivYC7SxTKaTduhkEmYmYg19FTcuFHHri7jzbZy2WWj1h4GP/5zDOfP7MWdKO86XlVtaXlldy68XNja3tnfs3WJTRYkktEEiHsm2jxXlTNCGZprTdiwpDn1OW/7oalpv3VOpWCRu9TimXogHggWMYG2snl0MjsqPx+gCuegEBQbvqj275FScmdBfcDMoQaZ6z/7s9iOShFRowrFSHdeJtZdiqRnhdFLoJorGmIzwgHYMChxS5aWz2yfo0Dh9FETSPKHRzP05keJQqXHom84Q66FarE3N/2qdRAfnXspEnGgqyHxRkHCkIzQNAvWZpETzsQFMJDO3IjLEEhNt4iqYENzFL/+FZrXiOhX35rRUu8ziyMM+HEAZXDiDGlxDHRpA4AGe4AVerYn1bL1Z7/PWnJXN7MEvWR/fnxSRkw==</latexit><latexit sha1_base64="MqVGA4i/sJsTCssjlSr5qxWmCNA=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFrAtLUgTdCEU3LivYC7SxTKaTduhkEmYmYg19FTcuFHHri7jzbZy2WWj1h4GP/5zDOfP7MWdKO86XlVtaXlldy68XNja3tnfs3WJTRYkktEEiHsm2jxXlTNCGZprTdiwpDn1OW/7oalpv3VOpWCRu9TimXogHggWMYG2snl0MjsqPx+gCuegEBQbvqj275FScmdBfcDMoQaZ6z/7s9iOShFRowrFSHdeJtZdiqRnhdFLoJorGmIzwgHYMChxS5aWz2yfo0Dh9FETSPKHRzP05keJQqXHom84Q66FarE3N/2qdRAfnXspEnGgqyHxRkHCkIzQNAvWZpETzsQFMJDO3IjLEEhNt4iqYENzFL/+FZrXiOhX35rRUu8ziyMM+HEAZXDiDGlxDHRpA4AGe4AVerYn1bL1Z7/PWnJXN7MEvWR/fnxSRkw==</latexit><latexit sha1_base64="MqVGA4i/sJsTCssjlSr5qxWmCNA=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFrAtLUgTdCEU3LivYC7SxTKaTduhkEmYmYg19FTcuFHHri7jzbZy2WWj1h4GP/5zDOfP7MWdKO86XlVtaXlldy68XNja3tnfs3WJTRYkktEEiHsm2jxXlTNCGZprTdiwpDn1OW/7oalpv3VOpWCRu9TimXogHggWMYG2snl0MjsqPx+gCuegEBQbvqj275FScmdBfcDMoQaZ6z/7s9iOShFRowrFSHdeJtZdiqRnhdFLoJorGmIzwgHYMChxS5aWz2yfo0Dh9FETSPKHRzP05keJQqXHom84Q66FarE3N/2qdRAfnXspEnGgqyHxRkHCkIzQNAvWZpETzsQFMJDO3IjLEEhNt4iqYENzFL/+FZrXiOhX35rRUu8ziyMM+HEAZXDiDGlxDHRpA4AGe4AVerYn1bL1Z7/PWnJXN7MEvWR/fnxSRkw==</latexit> f 0(z) =

(
1 z > 0

0 z < 0
<latexit sha1_base64="9/X76zUp6jklbnfvYpAmK6D/r4Q=">AAACH3icbZDLSgMxFIYzXmu9VV26CRa1bsqMiLpQKbpxWcFeoFNKJj3ThmYyQ5IR2qFv4sZXceNCEXHXtzFtZ6GtBwIf/39OkvN7EWdK2/bIWlhcWl5Zzaxl1zc2t7ZzO7tVFcaSQoWGPJR1jyjgTEBFM82hHkkggceh5vXuxn7tCaRioXjU/QiaAekI5jNKtJFauXP/uDA4wdfY9aDDRELNXWqIHXyEB/gG266L7QlfGQbRThtaubxdtCeF58FJIY/SKrdy3247pHEAQlNOlGo4dqSbCZGaUQ7DrBsriAjtkQ40DAoSgGomk/2G+NAobeyH0hyh8UT9PZGQQKl+4JnOgOiumvXG4n9eI9b+ZTNhIoo1CDp9yI851iEeh4XbTALVvG+AUMnMXzHtEkmoNpFmTQjO7MrzUD0tOnbReTjLl27TODJoHx2gAnLQBSqhe1RGFUTRM3pF7+jDerHerE/ra9q6YKUze+hPWaMfrzyfEQ==</latexit><latexit sha1_base64="9/X76zUp6jklbnfvYpAmK6D/r4Q=">AAACH3icbZDLSgMxFIYzXmu9VV26CRa1bsqMiLpQKbpxWcFeoFNKJj3ThmYyQ5IR2qFv4sZXceNCEXHXtzFtZ6GtBwIf/39OkvN7EWdK2/bIWlhcWl5Zzaxl1zc2t7ZzO7tVFcaSQoWGPJR1jyjgTEBFM82hHkkggceh5vXuxn7tCaRioXjU/QiaAekI5jNKtJFauXP/uDA4wdfY9aDDRELNXWqIHXyEB/gG266L7QlfGQbRThtaubxdtCeF58FJIY/SKrdy3247pHEAQlNOlGo4dqSbCZGaUQ7DrBsriAjtkQ40DAoSgGomk/2G+NAobeyH0hyh8UT9PZGQQKl+4JnOgOiumvXG4n9eI9b+ZTNhIoo1CDp9yI851iEeh4XbTALVvG+AUMnMXzHtEkmoNpFmTQjO7MrzUD0tOnbReTjLl27TODJoHx2gAnLQBSqhe1RGFUTRM3pF7+jDerHerE/ra9q6YKUze+hPWaMfrzyfEQ==</latexit><latexit sha1_base64="9/X76zUp6jklbnfvYpAmK6D/r4Q=">AAACH3icbZDLSgMxFIYzXmu9VV26CRa1bsqMiLpQKbpxWcFeoFNKJj3ThmYyQ5IR2qFv4sZXceNCEXHXtzFtZ6GtBwIf/39OkvN7EWdK2/bIWlhcWl5Zzaxl1zc2t7ZzO7tVFcaSQoWGPJR1jyjgTEBFM82hHkkggceh5vXuxn7tCaRioXjU/QiaAekI5jNKtJFauXP/uDA4wdfY9aDDRELNXWqIHXyEB/gG266L7QlfGQbRThtaubxdtCeF58FJIY/SKrdy3247pHEAQlNOlGo4dqSbCZGaUQ7DrBsriAjtkQ40DAoSgGomk/2G+NAobeyH0hyh8UT9PZGQQKl+4JnOgOiumvXG4n9eI9b+ZTNhIoo1CDp9yI851iEeh4XbTALVvG+AUMnMXzHtEkmoNpFmTQjO7MrzUD0tOnbReTjLl27TODJoHx2gAnLQBSqhe1RGFUTRM3pF7+jDerHerE/ra9q6YKUze+hPWaMfrzyfEQ==</latexit><latexit sha1_base64="9/X76zUp6jklbnfvYpAmK6D/r4Q=">AAACH3icbZDLSgMxFIYzXmu9VV26CRa1bsqMiLpQKbpxWcFeoFNKJj3ThmYyQ5IR2qFv4sZXceNCEXHXtzFtZ6GtBwIf/39OkvN7EWdK2/bIWlhcWl5Zzaxl1zc2t7ZzO7tVFcaSQoWGPJR1jyjgTEBFM82hHkkggceh5vXuxn7tCaRioXjU/QiaAekI5jNKtJFauXP/uDA4wdfY9aDDRELNXWqIHXyEB/gG266L7QlfGQbRThtaubxdtCeF58FJIY/SKrdy3247pHEAQlNOlGo4dqSbCZGaUQ7DrBsriAjtkQ40DAoSgGomk/2G+NAobeyH0hyh8UT9PZGQQKl+4JnOgOiumvXG4n9eI9b+ZTNhIoo1CDp9yI851iEeh4XbTALVvG+AUMnMXzHtEkmoNpFmTQjO7MrzUD0tOnbReTjLl27TODJoHx2gAnLQBSqhe1RGFUTRM3pF7+jDerHerE/ra9q6YKUze+hPWaMfrzyfEQ==</latexit>

ggg



Non-linearity & Deep network

90

‣ Neural network can learn much more complex functions and nonlinear 
decision boundaries



Neural Networks in NLP

91

Feed-forward NNs Recurrent NNs

Convolutional NNs Transformer

Always coupled with word embeddings… Credits: Princeton NLP course



Feedforward Networks



Sigmoid Neuron in Neural Network

93

‣ A single neuron is a computational unit	
‣ The neuron multiples each input by its weight, sums them, applied a 
nonlinear function to the result, and passes it to its output.



A neural network

94

‣ If we feed inputs through 
multiple logistic regression 
functions, then we can 
construct a output vector…	

‣ which we can feed into 
another logistic regression 
function as an input. 
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