
Midterm Review

Fall 2019

COS 484: Natural Language Processing



Announcements

• Midterm exam: this Thursday, Oct 24th 1:30-2:45 (75 minutes) 
• Everyone is seated in COS 104 (alternating seats). Please arrive 

10 minutes early! 
• One single-sided cheatsheet is allowed 
• No phone/laptop, no calculator or any internet access 
• If you have an exam (e.g. COS 429) at 3pm, you have an option 

to start at 1pm. 



Announcements

• Assignment 2 grades were out 
• No separate grades for the code submission

• Assignment 3 due on Friday 11:59pm 
• Assignment 4 will be out on Friday too



Today’s Plan

• Dependency parsing (10 mins) 
• Midterm review (65 minutes)



Dependency parsing

0 [ROOT] [Book, me, the, morning, flight] SHIFT

1 [ROOT, Book] [me, the, morning, flight] SHIFT

2 [ROOT, Book, me] [the, morning, flight] RIGHT-ARC(iobj) (Book, iobj, me)

3 [ROOT, Book] [the, morning, flight] SHIFT

4 [ROOT, Book, the] [morning, flight] SHIFT

5 [ROOT, Book, the, morning] [flight] SHIFT

6 [ROOT, Book, the,morning,flight] [] LEFT-ARC(nmod) (flight,nmod,morning)

7 [ROOT, Book, the, flight] [] LEFT-ARC(det) (flight,det,the)

8 [ROOT, Book, flight] [] RIGHT-ARC(dobj) (Book,dobj,flight)

9 [ROOT, Book] [] RIGHT-ARC(root) (ROOT,root,Book)

10 [ROOT] []

“Book me the morning flight”

stack buffer    action added arc



MaltParser 

(Nivre 2008): Algorithms for Deterministic Incremental Dependency Parsing

• Extract features from the configuration
• Use your favorite classifier: logistic regression, SVM…

ROOT has VBZ

He PRP

nsubj

has VBZ good JJ control NN . .

Stack Bu↵er

Correct transition: SHIFT

1

w: word, t: part-of-speech tag

https://universaldependencies.org/


MaltParser 

(Nivre 2008): Algorithms for Deterministic Incremental Dependency Parsing

ROOT has VBZ

He PRP

nsubj

has VBZ good JJ control NN . .

Stack Bu↵er

Correct transition: SHIFT

1

Feature templates

s2 . w ∘ s2 . t
s1 . w ∘ s1 . t ∘ b1 . w
lc(s2) . t ∘ s2 . t ∘ s1 . t

lc(s2) . w ∘ lc(s2) . l ∘ s2 . w

Features
s2 . w = has ∘ s2 . t = VBZ

s1 . w = good ∘ s1 . t = JJ ∘ b1 . w = control

lc(s2) . t = PRP ∘ s2 . t = VBZ ∘ s1 . t = JJ

lc(s2) . w = He ∘ lc(s2) . l = nsubj ∘ s2 . w = has

Usually a combination of 1-3 elements from the configuration

Binary, sparse, millions of features

https://universaldependencies.org/


More feature templates



Parsing with neural networks

(Chen and Manning, 2014): A Fast and Accurate Dependency Parser using Neural Networks



Parsing with neural networks

(Chen and Manning, 2014): A Fast and Accurate Dependency Parser using Neural Networks

• Used pre-trained word embeddings

• Part-of-speech tags and dependency 
labels are also represented as vectors

• A simple feedforward NN — what is left is backpropagation!

• Eliminated feature templates!



Further improvements

• Bigger, deeper networks with better tuned hyperparameters 
• Beam search 
• Global normalization

Google’s SyntaxNet and the Parsey McParseFace (English) model



Handling non-projectivity

• The arc-standard algorithm we presented only builds projective 
dependency trees

• Possible directions: 
• Give up! 
• Post-processing 
• Add new transition types (e.g., SWAP) 
• Switch to a different algorithm (e.g., graph-based 

parsers such as MSTParser)



Language Models
Review



• For a sequence of words/tokens , a LM 
outputs the probability of the sequence 


•  = 


• Each P(…) is determined by counting:

w1, w2, . . . , wN
P(w1, w2, . . . , wN)

P(w1, w2, . . . , wN)

Definition of Language Model (LM)

This process of computing P’s is 
called maximum likelihood 

estimation (MLE).


Estimate the parameters of the 
model such that, according to 

the model, the likelihood of the 
observed data is maximized.



• To reduce the number of parameters, use only the recent 
past to predict the next token/word.

Markhov Assumption

Bigram 
model

Trigram 
model

(k+1)gram 
model

• If we had infinite corpus, larger n → more accurate model



• Once you train a LM on a corpus, you need to test it on a 
different, unseen corpus.


‣ Note: a separate “dev set” is useful for tuning 
hyperparameters, such as α for Laplace smoothing. 


• Extrinsic evaluation: Evaluate LM on a downstream task


• Intrinsic evaluation: Just use a held-out test corpus

Evaluating a LM

Machine 
translation Text classification Sentence 

similarity



• Perplexity is how well a probability distribution or model 
predicts a sample sequence (lower is better).


• Perplexity is 2CE. Fundamentally, cross-entropy (CE) measures 
how deficient/difficult the model is at predicting the corpus.


• CE                                  where W is the num. of words in corpus


• Remember: perplexity is the inverse probability of the corpus 
according to the LM, normalized by the number of words.


• If each n-gram has the same probability ,

Definition of Perplexity

Size of 
vocab



• Think of perplexity as a weighted average branching 
factor: Lower perplexity means it’s easier to predict the 
next word, in the corpus that’s being evaluated.


• Low perplexity does not guarantee good extrinsic results!

Perplexity in Perspective

Example: Rolling a 6-sided dice (die)

Train & test with 
perfectly-fair die 3 5 1 4 4 2 6… Testing Perplexity = 6

Train & test with same 
loaded die 1 1 5 1 1 1 1… Testing Perplexity < 6

Train & test with 
differently-loaded die 4 3 4 4 6 4 4… Testing Perplexity > 6



• Many n-grams can appear in the test corpus but not training


• A few very frequent words; a long tail of infrequent words

Sparsity in Language

Zipf’s law: 
frequency is 

inversely 
proportional 

to rank

• Need some way to remove zero probabilities



Add-alpha (Laplace) smoothing Add a small amount to all probabilities 

Linear interpolation Use a combination of different granularities of n-grams

Average count Like simple interpolation, but with more specific lambdas 

Absolute discounting Redistribute probability mass from observed n-grams to unobserved ones

Back-off Use lower order n-grams if higher order ones are too sparse 

where

Katz

+ α
+ α |V|

where

“The less sparse the data the larger lambda should be. The more accurate counts we have, the more trustworthy the n-gram is, and the higher we can make lambda.”

where

average number of counts 
per non-zero element

is based on



Focus(1):

• Naive Bayes
• Logistic Regression
• Training

• Difference between discriminative and generative models
• Evaluation metrics
• Precision
• Recall 
• F Score



Naive Bayes

• Example of email classification:
• Given documents and classes, how to classify another document?

• Formula snippet:



Data Sparsity



Summary:



Evaluation Metrics



Logistic Regression



Feature Representation



Classification Function 



Loss Function – Assigning ‘w’ and ‘b’?



Optimisation



SGD



Regularisation
• Prevents Overfitting:



Word embeddings
COS484, Midterm Review



• Distributional hypothesis: 

• “words that occur in similar contexts tend to have similar meanings” 

• Word embedding: 

• A vector that captures the meaning of a word.  

• Can be sparse (word-word occurrence) or dense.

Goal: represent words as  
short (50-300 dimensional)  

& dense (real-valued) vectors.

Word embeddings



• Word2Vec 

• Skip-gram: given a target word, predict the context words in a 

fixed window of size m.

Word embeddings

I understand the word embedding now.

target wordcontext words 
(m = 2)

context words 
(m = 2)



• Word2Vec 

• Objective function: Average Negative Log Likelihood (NLL) 

Word embeddings

J(✓) = � 1

T

TX

t=1

X

�mjm
j 6=t

logP(wt+j |wt; ✓)

<latexit sha1_base64="uFzJBo3w8oJnml9q+nhCGDllLIE="></latexit>

w1, · · · , wt�2, wt�1,wt, wt+1, wt+2, · · · , wT
<latexit sha1_base64="NAZmHr/tYvMpydlRpMW9uJLBS/8="></latexit>

given a sentence of length T



• Word2Vec 

• Objective function: Average Negative Log Likelihood (NLL) 

• Similarity based softmax (V is vocabulary): 

Word embeddings

J(✓) = � 1

T

TX

t=1

X

�mjm
j 6=t

logP(wt+j |wt; ✓)

<latexit sha1_base64="uFzJBo3w8oJnml9q+nhCGDllLIE="></latexit>

w1, · · · , wt�2, wt�1,wt, wt+1, wt+2, · · · , wT
<latexit sha1_base64="NAZmHr/tYvMpydlRpMW9uJLBS/8="></latexit>

✓ = {{uw 2 Rd}w2V , {vw 2 Rd}w2V }
<latexit sha1_base64="fYKnxiIaAv8IxlI5QZ6yT60y1Ug="></latexit>

embeddings of 
 target words

embeddings of  
context words

P(wt+j |wt; ✓) =
exp(uwt · vwt+j )P
w2V exp(uwt · vw)

<latexit sha1_base64="5Rc6YEa4BVTMb3gstC3+6WBJSKw="></latexit>



• Word2Vec 

• Gradient of objective function: 

Word embeddings

r✓J(✓) =
TX

t=1

X

�mkm

r✓ � log(P(wt+j |wt; ✓))

<latexit sha1_base64="am8eR7vO39NZkHEDt6GQLKqQIVQ="></latexit>

(
@y

@uwt
= �vwc +

P
w2V P(w|wt)vw

@y
@vw

= �1(w = wc)uwt + P(w|wt)uwt
<latexit sha1_base64="i5eSvvUyv5Hpcz7QbOlbDJ8Y/6A="></latexit>

y = � log

✓
exp(uwt · vwc)P
w2V exp(uwt · vw)

◆

<latexit sha1_base64="nEclqGrImJxgMI+yCOl8eFS8W/0="></latexit>

)
<latexit sha1_base64="iwoAdXIEgv7Im3AZ6qrYkgwHhqc="></latexit>



• Word2Vec 

• Gradient of objective function: 

• Full softmax is computationally intractable 

Word embeddings

r✓J(✓) =
TX

t=1

X

�mkm

r✓ � log(P(wt+j |wt; ✓))

<latexit sha1_base64="am8eR7vO39NZkHEDt6GQLKqQIVQ="></latexit>

(
@y

@uwt
= �vwc +

P
w2V P(w|wt)vw

@y
@vw

= �1(w = wc)uwt + P(w|wt)uwt
<latexit sha1_base64="i5eSvvUyv5Hpcz7QbOlbDJ8Y/6A="></latexit>

)
<latexit sha1_base64="iwoAdXIEgv7Im3AZ6qrYkgwHhqc="></latexit>

y = � log

✓
exp(uwt · vwc)P
w2V exp(uwt · vw)

◆

<latexit sha1_base64="nEclqGrImJxgMI+yCOl8eFS8W/0="></latexit>



• Word2Vec 

• Gradient of objective function: 

• Negative Sampling: Randomly sample K (5-20) negative examples. 

Word embeddings

Sample

y = � log

 
�(uwt · vwc)QK

k=1 �(�uwt · vwk)

!

<latexit sha1_base64="/2zo2lh+mLmeW0RYY4nsv4V9Dlc="></latexit>

r✓J(✓) =
TX

t=1

X

�mkm

r✓ � log(PNS(wt+j |wt; ✓))

<latexit sha1_base64="Ix8Tzyp/tq99/4G5YMQqp6Kj06Y="></latexit>

(
@y

@uwt
= ��(�uwt · vwc)vwc +

PK
k=1 �(uwt · vwk)vwk

@y
@vw

= �1w=wc�(�uwt · vwc)uwt +
PK

k=1
@vwk
@vw

�(uwt · vw)uwt
<latexit sha1_base64="Al9K3PxWUNlJ0BI3hQsH96sIXvg="></latexit>

wk ⇠ Pneg(w)
<latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit>



• Word2Vec 

• Gradient of objective function: 

• Update for sampled target-context word pairs              : 

Word embeddings

(
uwt  uwt � ⌘ @y

@uwt

vwc  vwc � ⌘ @y
@vwc

<latexit sha1_base64="hebmhlUCe8jzL94ZyPefDgRy1A4="></latexit>

(wt, wc)
<latexit sha1_base64="SbeogC8bZ1Ee+YKodcM5Ad32gfg="></latexit>

r✓J(✓) =
TX

t=1

X

�mkm

r✓ � log(PNS(wt+j |wt; ✓))

<latexit sha1_base64="Ix8Tzyp/tq99/4G5YMQqp6Kj06Y="></latexit>

(
@y

@uwt
= ��(�uwt · vwc)vwc +

PK
k=1 �(uwt · vwk)vwk

@y
@vw

= �1w=wc�(�uwt · vwc)uwt +
PK

k=1
@vwk
@vw

�(uwt · vw)uwt
<latexit sha1_base64="Al9K3PxWUNlJ0BI3hQsH96sIXvg="></latexit>

y = � log

 
�(uwt · vwc)QK

k=1 �(�uwt · vwk)

!

<latexit sha1_base64="/2zo2lh+mLmeW0RYY4nsv4V9Dlc="></latexit>

vwk  vwk � ⌘
@y

@vwk
<latexit sha1_base64="coA/tmN38eQOZ9bZ6//DHyWdXSY="></latexit>

Sample

,

wk ⇠ Pneg(w)
<latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit><latexit sha1_base64="W0USP/a9y6eCWwWL4H+hQdiIjGI=">AAACDHicbVDLSsNAFJ34tr6qLt0MFkE3JRFBl0U3LitYKzQlTKa3dehkEmZurCXkA9z4K25cKOLWD3Dn3zhps/B1YOBwzrnMvSdMpDDoup/OzOzc/MLi0nJlZXVtfaO6uXVl4lRzaPFYxvo6ZAakUNBCgRKuEw0sCiW0w+FZ4bdvQRsRq0scJ9CN2ECJvuAMrRRUa6NgSH0jIupHDG/CMGvmQeYj3GGmYJDn+6MDm3Lr7gT0L/FKUiMlmkH1w+/FPI1AIZfMmI7nJtjNmEbBJeQVPzWQMD5kA+hYqlgEpptNjsnpnlV6tB9r+xTSifp9ImORMeMotMliY/PbK8T/vE6K/ZNuJlSSIig+/aifSooxLZqhPaGBoxxbwrgWdlfKb5hmHG1/FVuC9/vkv+TqsO65de/iqNY4LetYIjtkl+wTjxyTBjknTdIinNyTR/JMXpwH58l5dd6m0RmnnNkmP+C8fwExxpuz</latexit>



Word embeddings

• Evaluation 

• Intrinsic 

• Evaluate on an intermediate subtask (e.g. word similarity) 

• Fast to compute 

• Not clear if it really helps the downstream task 

• Extrinsic 

• Use word embeddings in downstream tasks and measure the 

performance improvement 

• Time-costly but still the most important evaluation metric



Neural Networks
COS484, Midterm Review



Neural Networks

• The activity of neuron i: 

• repeat for other neurons in some order to be specified

activity of presynaptic  
neuron j

bias of neuron i

xi  f

0

@
X

j

Wijxj + bi

1

A

<latexit sha1_base64="v25joVXOEbahoAS1C5vT7rt8IH4="></latexit>

synaptic weight 
from neuron j to neuron i 

activity of postsynaptic  
neuron i

activation function 



Neural Networks

• Useful activation functions and their derivatives

sigmoid (0,1) tanh (-1,1) ReLU [0,+∞)

f(z) =
1

1 + exp(�z)
<latexit sha1_base64="z6BK2iDicCj7+AK2dm9Dykw8igo="></latexit>

f(z) = max(0, z)
<latexit sha1_base64="DIh0ULIffBnx183f9bfV5KzwR0M="></latexit>

f 0(z) = f(z)(1� f(z))
<latexit sha1_base64="kCAtFe/nCk/Y7mFUC/VUYPmXKAs="></latexit>

f 0(z) = 1� f2(z)
<latexit sha1_base64="W2xXS9j88pRS0OMoDLCauTRplFI="></latexit>

f 0(z) =

(
1 z > 0

0 z  0
<latexit sha1_base64="9qGxKmBm+hyN0lq2B8qh6jTlWFg="></latexit>
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Neural Networks

• L-Multilayer Formulation (using matrix-vector notation)

x`  f(W `x`�1 + b`)
<latexit sha1_base64="o9y7pcUGwEc4QlPMGZbcaSZS1PU="></latexit>

For layer l  = 0 to L-1:

weight matrix
bias vector

x0
<latexit sha1_base64="AG/KWxbSGOAmY1fdFyAdGii+eAM="></latexit>

x1
<latexit sha1_base64="dIXyDeJH1L6klwRYIP7RMx+4D8Y="></latexit>

xL
<latexit sha1_base64="JVOVqfn7VAoEyJtQmNuzroCzwP4="></latexit>

…
W 1, b1

<latexit sha1_base64="AbfAnR13fENTD8l5qB0uc38bDZg="></latexit>

Forward Pass

W 2, b2
<latexit sha1_base64="A3jFvXi2aXXGfycpNamnBAn1tK4="></latexit>

WL, bL
<latexit sha1_base64="RE7I8LFHLgkWzZKgHKtYha5bpa8="></latexit>

neural activity of  
previous layer

hidden 
layer

input 
layer

output 
layer



Neural Networks

• Loss function (error between output and ground truth) 

• Logistic Regression / Classification - Cross Entropy (CE) 

• Linear Regression - Mean Squared Error (MSE) 

• …. 

• Update weights and biases using gradient descent (Backprop)

x0
<latexit sha1_base64="AG/KWxbSGOAmY1fdFyAdGii+eAM="></latexit>

x1
<latexit sha1_base64="dIXyDeJH1L6klwRYIP7RMx+4D8Y="></latexit>

xL
<latexit sha1_base64="JVOVqfn7VAoEyJtQmNuzroCzwP4="></latexit>

…
W 1, b1

<latexit sha1_base64="AbfAnR13fENTD8l5qB0uc38bDZg="></latexit>

Forward Pass

W 2, b2
<latexit sha1_base64="A3jFvXi2aXXGfycpNamnBAn1tK4="></latexit>

WL, bL
<latexit sha1_base64="RE7I8LFHLgkWzZKgHKtYha5bpa8="></latexit> L(xL, y⇤)

<latexit sha1_base64="y6mK5BRi1p7qPWAO1XAvXyltY1A="></latexit>

Loss Function

ground truth

✓  ✓ � ⌘r✓L(✓)
<latexit sha1_base64="JHKVR5XoAXBXqVL6ClCHHsLWzMo="></latexit>

✓ := {{W `}, {b`}}
<latexit sha1_base64="dhd16ezjKHkKuWTz0giTSNkWyeI="></latexit>



Neural Networks

• Backpropagation (using chain rule of derivative)

x0
<latexit sha1_base64="AG/KWxbSGOAmY1fdFyAdGii+eAM="></latexit>

x1
<latexit sha1_base64="dIXyDeJH1L6klwRYIP7RMx+4D8Y="></latexit>

xL
<latexit sha1_base64="JVOVqfn7VAoEyJtQmNuzroCzwP4="></latexit>

…
W 1, b1

<latexit sha1_base64="AbfAnR13fENTD8l5qB0uc38bDZg="></latexit>

Forward Pass

W 2, b2
<latexit sha1_base64="A3jFvXi2aXXGfycpNamnBAn1tK4="></latexit>

WL, bL
<latexit sha1_base64="RE7I8LFHLgkWzZKgHKtYha5bpa8="></latexit> L(xL, y⇤)

<latexit sha1_base64="y6mK5BRi1p7qPWAO1XAvXyltY1A="></latexit>

…
W 1, b1

<latexit sha1_base64="AbfAnR13fENTD8l5qB0uc38bDZg="></latexit>

Backward Pass

W 2, b2
<latexit sha1_base64="A3jFvXi2aXXGfycpNamnBAn1tK4="></latexit>

WL, bL
<latexit sha1_base64="RE7I8LFHLgkWzZKgHKtYha5bpa8="></latexit> L(xL, y⇤)

<latexit sha1_base64="y6mK5BRi1p7qPWAO1XAvXyltY1A="></latexit>

⇢L
<latexit sha1_base64="7CMxYaxgL+9nJp6KNmJQxGa/5N8="></latexit>

⇢1
<latexit sha1_base64="2uQPD530nfuRc9Si0FnbLFxHJBw="></latexit>

⇢0
<latexit sha1_base64="cn0d5nPmXrQcYMFfWsxogLPV7is="></latexit>

x`  f(W `x`�1 + b`)
<latexit sha1_base64="o9y7pcUGwEc4QlPMGZbcaSZS1PU="></latexit>

⇢`�1  f 0(f�1(x`�1)) � (W `)|⇢`
<latexit sha1_base64="XvcpoV93xV1K+qKzcuOQlrG9Z/w="></latexit>

⇢L  � @L
@xL

� f 0(f�1(xL))
<latexit sha1_base64="cyR0UYLjmJyAJUxjGlACf7jpyVU="></latexit>

Define dual variables  
to maintain negative gradients



Neural Networks

• Backpropagation (using chain rule of derivative) 

• Update weights and biases

…
W 1, b1

<latexit sha1_base64="AbfAnR13fENTD8l5qB0uc38bDZg="></latexit>

Backward Pass

W 2, b2
<latexit sha1_base64="A3jFvXi2aXXGfycpNamnBAn1tK4="></latexit>

WL, bL
<latexit sha1_base64="RE7I8LFHLgkWzZKgHKtYha5bpa8="></latexit> L(xL, y⇤)

<latexit sha1_base64="y6mK5BRi1p7qPWAO1XAvXyltY1A="></latexit>

⇢L
<latexit sha1_base64="7CMxYaxgL+9nJp6KNmJQxGa/5N8="></latexit>

⇢1
<latexit sha1_base64="2uQPD530nfuRc9Si0FnbLFxHJBw="></latexit>

⇢0
<latexit sha1_base64="cn0d5nPmXrQcYMFfWsxogLPV7is="></latexit>

⇢`�1  f 0(f�1(x`�1)) � (W `)|⇢`
<latexit sha1_base64="XvcpoV93xV1K+qKzcuOQlrG9Z/w="></latexit>

⇢L  � @L
@xL

� f 0(f�1(xL))
<latexit sha1_base64="cyR0UYLjmJyAJUxjGlACf7jpyVU="></latexit>

Define dual variables  
to maintain negative gradients

�W ` / ⇢`(x`�1)|
<latexit sha1_base64="DVNcPHkqgwZIpCQKxO6JutjKmNg="></latexit>

�b` / ⇢`
<latexit sha1_base64="l8bFV4s+Z7j1JplkevKS8d3cKRg="></latexit>



Neural Networks

• Feedforward Language Model 

• N-gram models: P(mat | the cat sat on the) 

• Input: concatenation of previous words (with fixed context size) 

• Hidden Layer: fully connected, use tanh activation 

• Output: softmax over vocabulary



Neural Networks

• Recurrent neural networks 

• Simple RNN (Key: weight sharing) 

• Recurrent Neural Langhage Models

ht = f(Wht�1 + Uxt + b)
<latexit sha1_base64="rtJlifQ/l4uVKk8c14If2IsmI/U="></latexit>

previous 
hidden state

current input



Neural Networks

• Recurrent neural networks 

• Simple RNN (Key: weight sharing) 

• Recurrent Neural Langhage Models



Neural Networks

• Recurrent neural networks 

• Backprop through time (expensive for long sequences)



Neural Networks

• Recurrent neural networks 

• Backprop through time (expensive for long sequences) 

• Run forward and backward through chunks of the sequence 

• Only backpropagate for some smaller number of steps



Neural Networks

• Long Short-term Memory (LSTM)



Focus(2):

• HMM
• MEMM
• 3 Problems in HMM
• Decoding
• Observation sequence
• Training



HMM

• A Markov chain is useful when we need to compute a probability for a sequence of observable 
events. In many cases, however, the events we are interested in are hidden hidden: we don’t 
observe them directly. For example we don’t normally observe part-of-speech tags in a text. 
Rather, we see words, and must infer the tags from the word sequence. We call the tags hidden 
because they are not observed.



Problem 2 – Decoding

Greedy Decoding:



Viterbi:



MEMM



Problem 1: Prob. of Observation sequence

• Forward and backward probabilities:



Problem3: HMM Training

• Intuitive Idea of EM:



Continued: HMM Training

• Forward – backward algorithm:



Continued


