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Flight Software pole - Send code to Space!

Scan and apply!

Spring 2026 Recruitment

Build space-grade onboard software
- Own a subsystem (e.g. power 

system)
- Interface with flight hardware
- Implement control & telemetry 

logic
- Write and review critical code

Or build the digital twin
- Simulate the spacecraft
- Inject failures
- Stress-test mission software

Workflow
Implementation → Unit Tests → Peer Review 
→ Simulation → Flight

Supported by the ESA FYS Design 
Booster

Next launch: Summer 2027

S/C: 3U CubeSat
Payloads: GNSS and CubeSatTOF
Objective: Measure chemical 
composition of the exosphere







Announcements
• IC Boost Day, March 11th 2026: Class cancelled 

- Video Lectures will be released early instead. 

- Watch on your own time (ideally by March 12th guest lecture) 

• Midterm: Tentative Date is April 15, 2026 

- Time will be during class period: 11 AM - 1 PM 

- Spread across multiple rooms on campus 

- If you have a good reason for not being available on these dates, send an e-mail to:  
nlp-cs552-spring2026-ta-team@groupes.epfl.ch 

- More details on midterm content in the coming weeks
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Today’s Outline

• Part 1: Language models introduction, count-based language models, 
evaluating language models, smoothing 

• Part 2: Fixed-context Language Models, Recurrent Neural Networks 1

6 Some slides adapted from Danqi Chen, Mohit Iyyer, Dan Jurafsky



What is a language model?

• A language model is a probabilistic model of a sequence of tokens 

- How likely is a given phrase/sentence/paragraph/document? 

• A sequence is modelled as a joint distribution of tokens : 

• Language models estimate this probability!

w1, w2, w3, . . . , wn
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P (w1, w2, w3, ..., wn)



Language models are ubiquitous
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Applications of LMs
• Predicting words is important in many situations 

• Classical: Machine translation, text generation 

• Classical: Speech recognition/Spell checking 

• Modern: Information extraction, Question answering, Classification, etc.

9

P (a smooth finish) > P (a flat finish)

P (high school principal) > P (high school principle)



What is a language model?

• A language model is a probabilistic model of a sequence of tokens 

- How likely is a given phrase/sentence/paragraph/document? 

• A sequence is modelled as a joint distribution of tokens : 

• Language models estimate this probability!

w1, w2, w3, . . . , wn
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P (w1, w2, w3, ..., wn)



Chain rule
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• How should we compute this joint probability over words in a sequence?

P(w1, w2, w3, …, wn) = P(w1) × P(w2 |w1) × P(w3 |w1, w2)
× … × P(wn |w1, w2, …, wn−1)

P(w1, w2, w3, …, wn) = ∏
i

P(wi |w1, w2, …, wi−1) “prefix”



Chain rule
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P (the cat sat on the mat) = P (the) ⇤ P (cat|the) ⇤ P (sat|the cat)

⇤P (on|the cat sat) ⇤ P (the|the cat sat on)

⇤P (mat|the cat sat on the)

Sentence: “the cat sat on the mat” 

• How should we compute this joint probability over words in a sequence?

P(w1, w2, w3, …, wn) = P(w1) × P(w2 |w1) × P(w3 |w1, w2)
× … × P(wn |w1, w2, …, wn−1)

P(w1, w2, w3, …, wn) = ∏
i

P(wi |w1, w2, …, wi−1) “prefix”



Count-based Modeling

‣ Estimate probabilities by counting occurrences 
of sequences in a corpus of text 

‣ With a vocabulary of size V,  

• number of sequences of length  =  

‣ Typical vocabulary   words 

• even sentences of length <= 11 results in 
more than  sequences!  
(more than the number of atoms in the earth)

n Vn

≈ 40000

4 * 1050
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P (sat|the cat) =
count(the cat sat)

count(the cat)

P (on|the cat sat) =
count(the cat sat on)

count(the cat sat)

Maximum likelihood 
estimate (MLE)

Note on Notation: 
Word type: unique word in our vocabulary V   
Token: instance of a word type in our corpus 



Question

14

What’s going to be a problem with  
counting sequences for any prefix?



Count-based Modeling

‣ Estimate probabilities by counting occurrences 
of sequences in a corpus of text 

‣ With a vocabulary of size V,  

• number of sequences of length  =  

‣ Typical vocabulary   words 

• even sentences of length <= 11 results in 
more than  sequences!  
(more than the number of atoms in the earth)

n Vn

≈ 40000

4 * 1050
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P (sat|the cat) =
count(the cat sat)

count(the cat)

P (on|the cat sat) =
count(the cat sat on)

count(the cat sat)

Maximum likelihood 
estimate (MLE)

Note on Notation: 
Word type: unique word in our vocabulary V   
Token: instance of a word type in our corpus 



Markov assumption
• Use only the recent past to predict the next word 

• Effect: reduce the number of estimated parameters in exchange for 
modeling capacity 

• 1st order Markov 

• 2nd order Markov
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P (mat|the cat sat on the) ⇡ P (mat|the)

P (mat|the cat sat on the) ⇡ P (mat|on the)



kth order Markov

• Consider only the last k words for context 

which implies the probability of a sequence is:
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P(w1w2 . . . wn) ≈
n

∏
i=1

P(wi |wi−k . . . wi−1 ∀k < i)

(ignore )wj ∀j < 0



n-gram models
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P (w1, w2, ...wn) =
nY

i=1

P (wi)

Larger n leads to more accurate and better* language models  
(but also higher costs)

Unigram

P (w1, w2, ...wn) =
nY

i=1

P (wi|wi�1)Bigram

and Trigram, 4-gram, and so on.

*Caveat: Assuming infinite data!



Examples
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release millions See ABC accurate President of Donald Will 
cheat them a CNN megynkelly experience @ these word 

out- the

Thank you believe that @ ABC news, Mississippi tonight 
and the false editorial I think the great people Bill 

Clinton . ''

We are going to MAKE AMERICA GREAT AGAIN! 
#MakeAmericaGreatAgain https: //t.co/DjkdAzT3WV

Unigram

Bigram

Trigram

arg max
(w1,w2,...,wn)

P(w1, w2, . . . , wn) = arg max
(w1,w2,...,wn)

n

∏
i=1

P(wi |wi−k, . . . , wi−1)



Evaluating language models
• A good language model should assign higher probability to typical, 

grammatically correct sentences 

• Research process: 

- Train parameters on a suitable training corpus 

‣ Assumption: observed sentences are probably good sentences 

- Test on different, unseen corpus 

‣ Training on any part of test set not acceptable! Why? 

- Evaluation metric

20



Question

21

What evaluation metric should we use?



Extrinsic evaluation

• Train LM —> apply to task —> observe accuracy 

• Directly optimized for downstream tasks 

- higher task accuracy —> better model 

• Expensive, time consuming 

• Hard to optimize downstream objective (indirect feedback)

22

Language 
model

Downstream 
Task Eval

refine



Perplexity (ppl)

• Measure of how well a probability distribution (or LM) predicts a sample 

• For a corpus S with sentences  
 

• Unigram model:                      

    where W is the total number of words in test corpus 

• Minimizing perplexity is the same as maximizing probability of corpus  

S1, S2, . . . , Sm

P(S1S2 . . . Sm)
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(since  )P(S) = ∏
j

P(wj)

Cross-Entropy   where   ppl(S) = 2x x = −
1
m

m

∑
i=1

log2 P(Si)

x = −
1
W

m

∑
i=1

n

∑
j=1

log2 P(wi
j)



Intuition on perplexity
• If our n-gram model (with vocabulary V) has following probability:   

• What is the perplexity of the test corpus? 

• Any word is equally likely at next step! 

• Intuition: Perplexity measures a model’s uncertainty about the next word
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P (wi|wi�n, ...wi�1) =
1

|V | 8wi

   where   ppl(S) = 2x

x = −
1
m

m

∑
i=1

log2 P(Si)

ppl = 2− 1
W W×log2( 1

|V | ) = |V |



Intuition on perplexity
• Perplexity is the exponentiated token-level negative log likelihood 

- Why logs? 

• Theory: perplexity measured using a base of 2 

- Practice: doesn’t matter what the base is, e used often 

- Exercise: derive why!
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   where   ppl(S) = 2x

x = −
1
m

n

∑
i=1

log2 P(Si)

Comprehension Question:  
How good is a language model with ppl > |V| ? 



Pros Cons

Easy to compute Requires domain match between train and test

standardized might not correspond to end task optimization

directly useful, easy to use to correct sentences log 0 undefined

nice theoretical interpretation - matching 
distributions

can be ‘cheated’ by predicting common tokens

size of test set matters

can be sensitive to low prob tokens/sentences

Perplexity as a metric

26



Question
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What are major shortcomings of n-gram language models?



Exponential Decay of Counts

• What happens when we scale to longer contexts?
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P (w|to)
<latexit sha1_base64="ugGoj1cpl+AjtBDo2D1N6avCxqE="></latexit>

P (w|go to)
<latexit sha1_base64="gviebCxiw07c9SWWF6XNjmfpIfY="></latexit>

P (w|to go to)
<latexit sha1_base64="EMu71s8nGpbxZhOZ+VpMTHSPpZQ="></latexit>

P (w|want to go to)
<latexit sha1_base64="iGE4OCsLO7CODX8YRKmSmM4w2TE="></latexit>

to occurs 1M times in corpus

go to occurs 50,000 times in corpus

want to go to: only 100 occurrences

go to occurs 1500 times in corpus



Exponential Decay of Counts

• What happens when we scale to longer contexts? 

• Probability counts get very sparse, and we often want 
information from 5+ words away
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P (w|to)
<latexit sha1_base64="ugGoj1cpl+AjtBDo2D1N6avCxqE="></latexit>

P (w|go to)
<latexit sha1_base64="gviebCxiw07c9SWWF6XNjmfpIfY="></latexit>

P (w|to go to)
<latexit sha1_base64="EMu71s8nGpbxZhOZ+VpMTHSPpZQ="></latexit>

P (w|want to go to)
<latexit sha1_base64="iGE4OCsLO7CODX8YRKmSmM4w2TE="></latexit>

to occurs 1M times in corpus

go to occurs 50,000 times in corpus

want to go to: only 100 occurrences

go to occurs 1500 times in corpus



Not all n-grams observed in training data

•Test corpus might have some that have zero probability under our model 

•Training set: Google news 

•Test set: Shakespeare 

•P (affray | voice doth us) = 0                   P(test corpus) = 0 

•Undefined perplexity 
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Fun Fact!

31

 42

Dan*Jurafsky

Shakespeare'as'corpus

• N=884,647*tokens,*V=29,066
• Shakespeare*produced*300,000*bigram*types*
out*of*V2=*844*million*possible*bigrams.
• So*99.96%*of*the*possible*bigrams*were*never*seen*
(have*zero*entries*in*the*table)

• Quadrigrams worse:***What's*coming*out*looks*
like*Shakespeare*because*it*is Shakespeare



Sparsity in language
Fr
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Rank
• Long tail of infrequent words 

• Most finite-size corpora will have this problem.

32

Zipf’s Law


freq / 1

rank



Question

33

How might we fix this ?



Smoothing

• Handle sparsity by making sure all probabilities are non-zero in our model 

• Additive: Add a small amount to all probabilities 

• Discounting: Redistribute probability mass from observed n-grams to 
unobserved ones 

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

• Interpolation: Use a combination of different granularities of n-grams

34



Smoothing intuition
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Dan*Jurafsky

The(intuition(of(smoothing((from(Dan(Klein)

• When*we*have*sparse*statistics:

• Steal*probability*mass*to*generalize*better

P(w*|*denied*the)
3*allegations
2*reports
1*claims
1*request
7*total

P(w*|*denied*the)
2.5*allegations
1.5*reports
0.5*claims
0.5*request
2*other
7*total
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Laplace smoothing (add- )α

• Simplest smoothing heuristic: add  to all counts and renormalize! 

• Example: max likelihood estimate for bigrams: 

• After smoothing: 

α

36

P (wi|wi�1) =
C(wi�1, wi)

C(wi�1)

P (wi|wi�1) =
C(wi�1, wi) + ↵

C(wi�1 + ↵|V |
P (wi|wi�1) =

C(wi�1, wi) + ↵

C(wi�1 + ↵|V |



Raw bigram counts (Berkeley restaurant corpus)

37

Dan*Jurafsky

Raw'bigram'counts

• Out*of*9222*sentences



Smoothed bigram counts

38

Dan*Jurafsky

Berkeley(Restaurant(Corpus:(Laplace(
smoothed(bigram(counts

Add 1 to all the entries in the matrix



Smoothed bigram probabilities

39

Dan*Jurafsky

LaplaceAsmoothed(bigrams

P*(wi |wi−1) =
C(wi−1wi) + 1
C(wi−1) + V



Discounting

• Determine some “mass” to remove from 
probability estimates 

• Redistribute mass among unseen n-grams 

• Just choose an absolute value to discount 
(usually <1)

40

  if   

                                               for all  s.t.  if  

Pabs_discount(wi |wi−1) =
c(wi−1, wi) − d

c(wi−1)
c(wi−1, wi) > 0

α(wi−1)
P(wi)

∑w′￼
P(w′￼)

w′￼ c(wi−1, w′￼) = 0 c(wi−1, wi) = 0

Unigram probabilities



Back-off
• Use n-gram if enough evidence, else back off to (n-1)-gram

41

(Katz back-off)

• d = amount of discounting 

•     = back-off weight↵

n here is length of n-gram, not length of sequence (as in previous slides)



Linear Interpolation

• Use a combination of models to estimate probability 

• Strong empirical performance

42

P̂ (wi|wi�1, wi�2) = �1P (wi|wi�1, wi�2)

+�2P (wi|wi�1)

+�3P (wi)

Trigram

Bigram

Unigram

∑
j

λj = 1



Choosing lambdas

• First, estimate n-gram prob. on training set 

• Then, estimate lambdas (hyperparameters) to maximize probability on the 
held-out development/validation set 

• Use best model from above to evaluate on test set

43

Text corpus

Train
Development/

Validation Test



Recap

• n-gram language models are simple, effective methods for estimating the 
probability of sequences 

• Problem #1: Number of modelable sequences grows exponentially with n 

• Problem #2: Smoothing heuristics must be used to estimate the 
probability of sequences unseen during training

44



Language Models: 
Fixed-context Neural Models

Antoine Bosselut



Today’s Outline

• Part 1: Language models introduction, count-based language models, 
evaluating language models, smoothing 

• Part 2: Fixed-context Language Models 

• Additional Slides: Neural networks recap

46 Some slides adapted from Danqi Chen, Mohit Iyyer



Question

47

What’s another issue with n-gram language models?



Problem

48

With n-gram language models, there is no notion of similarity 
unless sequence overlaps! 

We treat all words / prefixes as independent of one another! 

students opened their ___
pupils opened their ___
scholars opened their ___

undergraduates opened their ___
students turned the pages of their ___
students attentively perused their ___

Ideally, we should share information across these same prefixes!



Recall
• neural networks compose word embeddings into vectors for natural 

language phrases, sentences, and documents

49

Model

…

x1 xT−1 xTx0

hT = f(X)



Recall
• neural networks compose word embeddings into vectors for natural 

language phrases, sentences, and documents 

• Predict the next word from composed prefix representation

50

Model

…

x1 xT−1 xT

hT = f(X)

x0



How does this happen?

51

predict “books”

Vocab Projection + Softmax layers: 

Converts a vector representation 
into a probability distribution over 

the entire vocabulary

Model

…

x1 xT−1 xTx0

hT = f(X)



A	fixed-window	neural	Language	Model

the students opened their

books
laptops

concatenated	word	embeddings

words	/	one-hot	vectors	

hidden	layer

a zoo

output	distribution	

2/1/1822

52

Low-dimensional 
representation of 

“students opened their”

Probability distribution 
over the entire  

vocabulary

P(wi |vector for "students opened their")

Vocabulary Space Projection



Recap

• Given a d-dimensional vector representation x of a prefix, we 
do the following to predict the next word: 

1. Project it to a V-dimensional vector using a matrix-vector product (a.k.a. 
a “linear layer”, or a “feedforward layer”), where V is the size of the 
vocabulary 

2. Apply the softmax function to transform the resulting vector into a 
probability distribution
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Question

54

How can we use these principles to come up with  
a better language model than the n-gram one?



• P(mat | the cat sat on the) = ?

55

• Input layer (n = 5):

x = [ethe; ecat; esat; eon; ethe] 2 Rdn
<latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit>

• Hidden layer

h = tanh(Wx+ b) 2 Rh
<latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit>

the

cat

sat

on

the

<latexit sha1_base64="+Q08gB7+H9GhEuiXWo5dVrQSwEk=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxmUV+4A2LZPppB06mYSZiVJC/sONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO1PbnK//UilYpF40NOYeiEeCRYwgrWR+r0Q67Hvp/dZPx1nA7vq1JwZ0DJxC1KFAo2B/dUbRiQJqdCEY6W6rhNrL8VSM8JpVuklisaYTPCIdg0VOKTKS2epM3RilCEKImme0Gim/t5IcajUNPTNZJ5SLXq5+J/XTXRw5aVMxImmgswPBQlHOkJ5BWjIJCWaTw3BRDKTFZExlphoU1TFlOAufnmZtM5q7kXNuTuv1q+LOspwBMdwCi5cQh1uoQFNICDhGV7hzXqyXqx362M+WrKKnUP4A+vzBwnlkt0=</latexit>

Rh

<latexit sha1_base64="VJUQDAlNt4XNdCFeA3sFXLbyaac=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquiHoRi148VrAf0i4lm2bb0CS7JFmlLP0VXjwo4tWf481/Y9ruQVsfDDzem2FmXhBzpo3rfju5peWV1bX8emFjc2t7p7i719BRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5M/OYjVZpF8t6MYuoL3JcsZAQbKz3Uyk/oErHjq26x5FbcKdAi8TJSggy1bvGr04tIIqg0hGOt254bGz/FyjDC6bjQSTSNMRniPm1bKrGg2k+nB4/RkVV6KIyULWnQVP09kWKh9UgEtlNgM9Dz3kT8z2snJrzwUybjxFBJZovChCMTocn3qMcUJYaPLMFEMXsrIgOsMDE2o4INwZt/eZE0TireWcW9Oy1Vr7M48nAAh1AGD86hCrdQgzoQEPAMr/DmKOfFeXc+Zq05J5vZhz9wPn8Ax1iPFg==</latexit>

P (w = i)?

<latexit sha1_base64="mlP5ySVMxJApVraY1qnezZyQ0IE=">AAAB+HicbVC7TsMwFL0pr1IeDTCyWFRITFWCeI0VLIwF0YfUhspxnNaq40S2g1SifAkLAwix8ils/A1O2wEKR7J0dM69usfHTzhT2nG+rNLS8srqWnm9srG5tV21d3bbKk4loS0S81h2fawoZ4K2NNOcdhNJceRz2vHHV4XfeaBSsVjc6UlCvQgPBQsZwdpIA7vaj7Ae+X52m99np0E+sGtO3ZkC/SXunNRgjubA/uwHMUkjKjThWKme6yTay7DUjHCaV/qpogkmYzykPUMFjqjysmnwHB0aJUBhLM0TGk3VnxsZjpSaRL6ZLGKqRa8Q//N6qQ4vvIyJJNVUkNmhMOVIx6hoAQVMUqL5xBBMJDNZERlhiYk2XVVMCe7il/+S9nHdPas7Nye1xuW8jjLswwEcgQvn0IBraEILCKTwBC/waj1az9ab9T4bLVnznT34BevjG/Yvk0k=</latexit>

R5d

<latexit sha1_base64="866D2JHbJpEee16nOk8qrjSfeSQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUV+4Amlslk0g6dTMLMRCghv+HGhSJu/Rl3/o2TNgttPTBwOOde7pnjJ5wpbdvfVmVldW19o7pZ29re2d2r7x90VZxKQjsk5rHs+1hRzgTtaKY57SeS4sjntOdPbgq/90SlYrF40NOEehEeCRYygrWRXDfCeuz72X3+GAzrDbtpz4CWiVOSBpRoD+tfbhCTNKJCE46VGjh2or0MS80Ip3nNTRVNMJngER0YKnBElZfNMufoxCgBCmNpntBopv7eyHCk1DTyzWSRUS16hfifN0h1eOVlTCSppoLMD4UpRzpGRQEoYJISzaeGYCKZyYrIGEtMtKmpZkpwFr+8TLpnTeeiad+dN1rXZR1VOIJjOAUHLqEFt9CGDhBI4Ble4c1KrRfr3fqYj1ascucQ/sD6/AE3n5HN</latexit>

Rd

• Output layer (softmax)

z = Uh 2 R|V |
<latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit>

<latexit sha1_base64="X9FHzzFN0FCu+n0CERBHZWCnX7s="></latexit>

P (w = i | the cat sat on the)

= softmaxi(z) =
eziP
k e

zk

(Bengio et al., 2003): A Neural Probabilistic Language Model

Fixed-context Neural Language Models



Fixed-context Neural Language Models

• P(mat | the cat sat on the) = ?

56

• Input layer (n = 5):

x = [ethe; ecat; esat; eon; ethe] 2 Rdn
<latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit><latexit sha1_base64="aYKwScrslO2pOcQW2lnrXumNJ2I="></latexit>

• Hidden layer

h = tanh(Wx+ b) 2 Rh
<latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit><latexit sha1_base64="m/ig9JANtchQHMKfk0FBlvyK3rE=">AAACMnicbVDLSsNAFJ3UV62vqks3g0WoCCURQTdC0Y3uqtgHNLFMppNm6GQSZiZiCfkmN36J4EIXirj1I5y2qWjrgYFzz72Hufe4EaNSmeaLkZubX1hcyi8XVlbX1jeKm1sNGcYCkzoOWShaLpKEUU7qiipGWpEgKHAZabr982G/eUeEpCG/UYOIOAHqcepRjJSWOsVLO0DKd73ET+EptBXifnkiNVM4ofcpPPgp3HQf2pRntZtcp7fa3imWzIo5ApwlVkZKIEOtU3yyuyGOA8IVZkjKtmVGykmQUBQzkhbsWJII4T7qkbamHAVEOsno5BTuaaULvVDoxxUcqb8dCQqkHASunhxuKad7Q/G/XjtW3omTUB7FinA8/siLGVQhHOYHu1QQrNhAE4QF1btC7COBsNIpF3QI1vTJs6RxWLHMinV1VKqeZXHkwQ7YBWVggWNQBRegBuoAgwfwDN7Au/FovBofxud4NGdknm3wB8bXN2O6qts=</latexit>

the

cat

sat

on

the

<latexit sha1_base64="+Q08gB7+H9GhEuiXWo5dVrQSwEk=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxmUV+4A2LZPppB06mYSZiVJC/sONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO1PbnK//UilYpF40NOYeiEeCRYwgrWR+r0Q67Hvp/dZPx1nA7vq1JwZ0DJxC1KFAo2B/dUbRiQJqdCEY6W6rhNrL8VSM8JpVuklisaYTPCIdg0VOKTKS2epM3RilCEKImme0Gim/t5IcajUNPTNZJ5SLXq5+J/XTXRw5aVMxImmgswPBQlHOkJ5BWjIJCWaTw3BRDKTFZExlphoU1TFlOAufnmZtM5q7kXNuTuv1q+LOspwBMdwCi5cQh1uoQFNICDhGV7hzXqyXqx362M+WrKKnUP4A+vzBwnlkt0=</latexit>

Rh

<latexit sha1_base64="VJUQDAlNt4XNdCFeA3sFXLbyaac=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquiHoRi148VrAf0i4lm2bb0CS7JFmlLP0VXjwo4tWf481/Y9ruQVsfDDzem2FmXhBzpo3rfju5peWV1bX8emFjc2t7p7i719BRogitk4hHqhVgTTmTtG6Y4bQVK4pFwGkzGN5M/OYjVZpF8t6MYuoL3JcsZAQbKz3Uyk/oErHjq26x5FbcKdAi8TJSggy1bvGr04tIIqg0hGOt254bGz/FyjDC6bjQSTSNMRniPm1bKrGg2k+nB4/RkVV6KIyULWnQVP09kWKh9UgEtlNgM9Dz3kT8z2snJrzwUybjxFBJZovChCMTocn3qMcUJYaPLMFEMXsrIgOsMDE2o4INwZt/eZE0TireWcW9Oy1Vr7M48nAAh1AGD86hCrdQgzoQEPAMr/DmKOfFeXc+Zq05J5vZhz9wPn8Ax1iPFg==</latexit>

P (w = i)?

<latexit sha1_base64="mlP5ySVMxJApVraY1qnezZyQ0IE=">AAAB+HicbVC7TsMwFL0pr1IeDTCyWFRITFWCeI0VLIwF0YfUhspxnNaq40S2g1SifAkLAwix8ils/A1O2wEKR7J0dM69usfHTzhT2nG+rNLS8srqWnm9srG5tV21d3bbKk4loS0S81h2fawoZ4K2NNOcdhNJceRz2vHHV4XfeaBSsVjc6UlCvQgPBQsZwdpIA7vaj7Ae+X52m99np0E+sGtO3ZkC/SXunNRgjubA/uwHMUkjKjThWKme6yTay7DUjHCaV/qpogkmYzykPUMFjqjysmnwHB0aJUBhLM0TGk3VnxsZjpSaRL6ZLGKqRa8Q//N6qQ4vvIyJJNVUkNmhMOVIx6hoAQVMUqL5xBBMJDNZERlhiYk2XVVMCe7il/+S9nHdPas7Nye1xuW8jjLswwEcgQvn0IBraEILCKTwBC/waj1az9ab9T4bLVnznT34BevjG/Yvk0k=</latexit>

R5d

<latexit sha1_base64="866D2JHbJpEee16nOk8qrjSfeSQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUV+4Amlslk0g6dTMLMRCghv+HGhSJu/Rl3/o2TNgttPTBwOOde7pnjJ5wpbdvfVmVldW19o7pZ29re2d2r7x90VZxKQjsk5rHs+1hRzgTtaKY57SeS4sjntOdPbgq/90SlYrF40NOEehEeCRYygrWRXDfCeuz72X3+GAzrDbtpz4CWiVOSBpRoD+tfbhCTNKJCE46VGjh2or0MS80Ip3nNTRVNMJngER0YKnBElZfNMufoxCgBCmNpntBopv7eyHCk1DTyzWSRUS16hfifN0h1eOVlTCSppoLMD4UpRzpGRQEoYJISzaeGYCKZyYrIGEtMtKmpZkpwFr+8TLpnTeeiad+dN1rXZR1VOIJjOAUHLqEFt9CGDhBI4Ble4c1KrRfr3fqYj1ascucQ/sD6/AE3n5HN</latexit>

Rd

• Output layer (softmax)

z = Uh 2 R|V |
<latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit><latexit sha1_base64="NbkraP766q6P/C18JJkvOTVHd/w=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMU3bisYtpCE8tkOmmHTiZhZiLUNH/ixl9x40IRcde/cdqmoK0HBs6ccy/33uPHjEplWSOjsLS8srpWXC9tbG5t75i7e3UZJQITB0csEk0fScIoJ46iipFmLAgKfUYafv967DceiZA04vdqEBMvRF1OA4qR0lLbPHNDpHp+kD5l8BLOPk42Y70MupTnhp/eZQ/psD7M2mbZqlgTwEVi56QMctTa5rfbiXASEq4wQ1K2bCtWXoqEopiRrOQmksQI91GXtDTlKCTSSyf3ZfBIKx0YREI/ruBE/d2RolDKQejryvGect4bi/95rUQFF15KeZwowvF0UJAwqCI4Dgt2qCBYsYEmCAuqd4W4hwTCSkda0iHY8ycvkvpJxbYq9u1puXqVx1EEB+AQHAMbnIMquAE14AAMnsEreAcfxovxZnwaX9PSgpH37IM/MEY/o0mj+A==</latexit>

<latexit sha1_base64="X9FHzzFN0FCu+n0CERBHZWCnX7s="></latexit>

P (w = i | the cat sat on the)

= softmaxi(z) =
eziP
k e

zk

(Bengio et al., 2003): A Neural Probabilistic Language Model

What is the  
dimensionality of W? 

What is the  
dimensionality of U ? 



Question

57

What algorithm did we see last week do fixed context  
language models resemble the most?



Question

58

What algorithm did we see last week do fixed context  
language models resemble the most? 

CBOW!



Advantages vs. Disadvantages

• No more sparsity problem 

- All sequences can be estimated with non-
zero probability ! Why? 

• Model size is much smaller! 

- Depends on number of weights in model, 
not number of sequences!

59

• Fixed windows are still too small to 
encode long-range dependencies 

• Enlarging the window size makes 
the weight matrix W larger (more 
computationally expensive!) 

• Weights in W aren’t shared across 
embeddings in the window 
(computationally inefficient!)



The cat chased the mouse 

The starving cat chased the mouse 

The starving cat fanatically chased the mouse 

The starving cat fanatically chased the elusive mouse 

The starving cat, who had not eaten in six days, fanatically chased the 
elusive mouse

Sequences are not of consistent length

60



P(mouse | the cat chase the)  

P(mouse | the starving cat chased the) 

P(mouse | starving cat chased after the) 

P(mouse | cat fanatically chased after the) 

P(mouse | fanatically chased after the elusive)

61

the

cat

chased

after

the

<latexit sha1_base64="+Q08gB7+H9GhEuiXWo5dVrQSwEk=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLoxmUV+4A2LZPppB06mYSZiVJC/sONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VJRIQpsk4pHs+FhRzgRtaqY57cSS4tDntO1PbnK//UilYpF40NOYeiEeCRYwgrWR+r0Q67Hvp/dZPx1nA7vq1JwZ0DJxC1KFAo2B/dUbRiQJqdCEY6W6rhNrL8VSM8JpVuklisaYTPCIdg0VOKTKS2epM3RilCEKImme0Gim/t5IcajUNPTNZJ5SLXq5+J/XTXRw5aVMxImmgswPBQlHOkJ5BWjIJCWaTw3BRDKTFZExlphoU1TFlOAufnmZtM5q7kXNuTuv1q+LOspwBMdwCi5cQh1uoQFNICDhGV7hzXqyXqx362M+WrKKnUP4A+vzBwnlkt0=</latexit>
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Recurrent Neural Networks
• Solution: Recurrent neural networks — NNs with feedback loops
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Unrolling the RNN

xt
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xt−1

ht−1

zt−1

xt+1

zt+1

ht−2 ht+1

Unrolling the RNN across all time steps gives full computation graph

64

Allows for learning from entire sequence history, regardless of length
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Classification
• Classifier is just an output projection followed by a softmax!
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Classifier

P(y) = σ(Wo zT)
Binary 

P(y) = softmax(Wo zT)
Multi-class 

̂y
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Question

73

Why would you use the output of the last  
recurrent unit as the one to predict a label?

It’s the only one that has seen the whole sequence!



Sequence Labeling
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Generation
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Example

Not bad for generating 
Shakespeare!

76 https://karpathy.github.io/2015/05/21/rnn-effectiveness/



Wikipedia works too!

Not bad for generating 
Shakespeare!

77 https://karpathy.github.io/2015/05/21/rnn-effectiveness/



Classical RNN: Elman Network
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ht = σ(Whxxt + Whhht−1 + bh)

(Elman, 1990)

What should  be? h0



Backpropagation Review: FFNs
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Question

90

How would we extend backpropagation  
to a recurrent neural network?

Let’s find out next class!



Recap
• Neural language models allow us to share information among similar 

sequences by learning neural representations that similarly represent them 

• Problem: Fixed context language models can only process a limited 
window of the word history at a time 

• Solution: recurrent neural networks can theoretically learn to model an 
unbounded context length 

• Next Class: Training recurrent neural networks, associated challenges and 
mitigations through gated recurrent networks 
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