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Today’s Topics

How confident do you feel about Predict-based Word Embeddings (word2vec / IO Copy chart
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Today’s Topics

1. Predict-Based Word Embeddings (20 min)
Sequence Models (MEMM / CRF) (20 min)

Decoding Strategies for Sequence Models (20 min)

Neural Networks for NLP (FFNN / RNN) (10 min)

o k&~ L DN

Free-for-all Q&A



Predict-Based
Word Embeddings

Slides borrowed from Precept 3



Overview - Word Embeddings

 Represent words as vectors
* e.g., apple ->[0.1, 0.2, 0.5]
 Encode semantic information
e Useful for downstream NLP tasks

QUESTION: what are good word vectors
IDEA: words that occur near each other should have similar directions



Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD
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Word2vec - Computing Logits / Probability

* (Given corpus, dictionary V, and desired dimension d
. Train an ML model with the following 2d | V| parameters:

 two embedding vectors of dimension d for each word
 u when the word Is a target word
* v when the word Is a context word
* Given words t and ¢, probability that ¢ appears in the context of t is

determined by u, - v, (large when same direction / small when opposite)
exp(ug - v,.)

Zc’ €Xp(llt ' Vc’)

_ After softmax normalization, P[c [t] =



Overview - ML pipeline

* |nitialize

 Loop over data:
 Compute logits for all possible options
 Normalize with softmax
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 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



Word2vec - Computing Loss

 Given a sequence of words wy, w,, +++, Wy and context window size m
e Fort=1,2,---. T,
 Consider w, a target word

» Foreach —m < j < m,j # 0, consider w,, ; a context word

.« Compute probability of the (target, context) pair P[w, i |w ]
 Compute loss (negative log likelihood), assuming all context words
happen independently
L = —log I1 [ [WHJ-\WI] = — > log [wt+j|wt]

—m<j<m,j#0 —m<j<m,j#0




Word2vec - Computing Loss

* | oss at position t

L = - 2 log Plw,,;|w/]
* Average loss across all position
1 7T
L=—-——%X > log Plw,,;|w/]

1 =1 —m<j<m,j#0



Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



Word2vec - Updating Parameters

* Gradient update via

oL oL
Uu<—u—n— Ve V—1n—
{ ou { ov
| exp(u; - v,.) | |
Where if we let L, . = — log ——————— for a particular (t, ¢) pair,
S explt, - Vo)
oL, .
—=—v,.+ 2 P[c'| t]v. (lecture 5)
(’)ut c'eV

OL; [ (Plk] 7l =Du, k=c
_{L[k‘t]llt k # ¢

(assignment 2)

ka



Negative Sampling

* Naive implementation of skip-gram updates too many parameters
* |nstead, modify the problem setup:

* (Given target word 7 and context word ¢

« Randomly sample K alternative context words ¢y, ¢, **+, Cx

 Check if model predicts that ¢ should be in the context of ¢

» Check if model predicts that ¢; should not be in the context of ¢
K

Lt,c — lOg G(Ht . VC) — Z _V lOg G(_ut . VCi)

. C.~
=1 !

See precept 3 for deriving gradients



Sequence Models - MEMM

Slides borrowed from Precept 4



Overview - Sequence Models

« We have a sequence of words (outputs) 01, 0,5, *++, Of

« Would like to get a sequence of tags (states) s, 55, ***, S7

e Need to know |

HMM (Generative)

Uses Bayes’ Rule

L

L

L

S| O] x|

|.5]: initial / transition prob

[0 | S]I

S | O]

5]

[O | S]: emission prob

MEMM (Discriminative)

Directly computes |

S | O]



Overview - Sequence Models

HMM (Generative) MEMM (Discriminative)

With bigram assumption With bigram assumption
n n

PLS | O] = .lllt [0, | s;]PLs; | s;_] PLS | O] = .Hlt [s; | 5,_q, O]
1= 1=

Each word depends on its tag Each tag depends on all words +

Each tag depends on previous tag the previous tag



Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



MEMM - Featurization

» Choose features [, /5, -, f,, (functions) whose values depend on
 Current tag s;
» Previous tag s;_;
 All words O

» Position index 1
 For example,
» /1 = 1(s; =VB A s;_; = NNP) will be 1 if current tag is “Verb, base
form” and the previous tag is “Proper noun, singular” else O



MEMM - Computing Logits / Probability

» Given the set of all possible K tags, m features f = (f;, /5, ***, )

m

e Train an ML model with m parameters: w € |

» Given words O and previous tag s;_;, probability that s; is a particular tag s
(as opposed to an alternative ') is determined by w - f(sl- =5,8;_1,0,1)
e After softmax normalization,

€XP(W ’ f(Sl‘ — 93, Si_la 09 l))
2 exp(w - f(s; = 5", 5,1, 0, 1))

Pls;, =5 | 5,_1,0] =



Overview - ML pipeline

* |nitialize

 Loop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



MEMM - Computing Loss

« Given a sequence of words O = (01, Os, ***, 0n) and a sequence of tags
S — (S19S29 "'9Sn)

e Fori=1,2,---,n,

» Compute probability of the observed tag P[s; | s;_;, O]

 Compute loss (negative log likelihood), assuming all tags happen
iIndependently

=1 =1




Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



MEMM - Updating Parameters

* Gradient update via
oL

W W—§—
oW



Sequence Models - CRF



Overview - Sequence Models

CRF (Discriminative) MEMM (Discriminative)
NO Markov assumption With bigram assumption
n
PLS [ O] =P[S | O] PLS | O] = 11 P[s; | s;_;, O]
Each tag depends on all words + =1
all tags Each tag depends on all words +

the previous tag



Overview - ML pipeline

* |nitialize

* | oop over data:
 Compute logits for all possible options
 Normalize with softmax
 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



CRF - Featurization

» Choose features [, /5, -, f,, (functions) whose values depend on
 Current tag s;
» Previous tag s;_;
 All words O
» Position index 1

 Then define global features F, I», .-+, F, as the sum of the same feature

n
applied across the input sequence; i.e., I, = X fi(s;,5;_1, O, 1)

=1



CRF - Featurization

» Local features fi, />, -*+, [, (functions) depend on
 Current tag s;
» Previous tag s;_
 All words O

« Position index 1
« Global features F, F,, ---, I, (functions) depend on

. All tags S
o All words O



CRF - Computing Logits / Probability

» Given the set of all possible K tags, m global features ¥ = (F, F>, -+, I, )

m

e Train an ML model with m parameters: w € R"

» Given words O, probability that we see a particular sequence of tags S (as
opposed to an alternative ) is determined by w - E (S, O)

L exp(w - F(S, O))
. After softmax normalization, P[S | O] = /—————————
Zs,ﬁXp(W ' F(S ’ 0))




Overview - ML pipeline

 Compute loss (negative log likelihood)
 Compute gradient of loss w.r.t. each parameter
 Update parameter via GD



CRF - Computing Loss / Updating Parameters

Given a sequence of words O = (01, Os, ***, 0n) and a sequence of tags
S — (S19S29 "'9Sn)

Compute probability of the observed tags P[S | O]

Compute loss (negative log likelihood) L = — log P[S | O]

oL
Gradient update via W <~ W — y——

oW
* Can be efficiently done via “Forward-backward algorithm” (dynamic
programming)



Decoding Strategies for
Sequence Models



Viterbi Decoding (Core Idea)

 Compute the joint probability of the sequence (s, ..., s;_;,s; = ) that
gives us the best score / highest probability

 Recover the sequence via backtracking



Viterbi Decoding (Implementation)

» Recall: in class, we iteratively define score(s) = P(0; | s) - P(s)

score(s) = max P(o; | s)P(s | s;_;) - score;_(s;_;)
Si-1



Viterbi Decoding (Implementation)

» Recall: in class, we iteratively define score(s) = P(0; | s) - P(s)

score(s) = max P(o; | s)P(s | s;_;) - score;_(s;_;)

/ Si—1

Need to compute for all possible s!

For each s, the best 5;._; may be different!



Viterbi Decoding (Implementation)

» Recall: in class, we iteratively define score(s) = P(0; | s) - P(s)

score(s) = max P(o; | s)P(s | s;_;) - score;_(s;_;)
Si-1

Greedy: score(s) = P(o; | s)P(s | s;,_;) - max score;_(s;_;)
i1



Viterbi Decoding (Implementation)

 Dynamic programming
» score|i, s|: best probability of a sequence ending with  at the i-th token

Tag O Tag 1 Tag 2

Token O score|0,0] score[0,1] score[0,2]

Token 1

Token 2
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Viterbi Decoding (Implementation)

 Dynamic programming
» score|i, s|: best probability of a sequence ending with  at the i-th token

Tag O Tag 1 Tag 2

Token O score|0,0] score[0,1] score[0,2]

L/X/P(OI\O)-P(()\ 1)

Token 1

Token 2




Viterbi Decoding (Implementation)

 Dynamic programming
» score|i, s|: best probability of a sequence ending with  at the i-th token

Tag O Tag 1 Tag 2

Token O score|0,0] score[0,1] score[0,2]

! X P(0; [ 0) - P(0 | 2)"

Token 1

Token 2




Viterbi Decoding (Implementation)

 Dynamic programming

» score|i, s|: best probability of a sequence ending with  at the i-th token

Token O

Token 1

Token 2

Tag O Tag 1 Tag 2
score|0,0] score|0,1] score|0,2]
L‘max!!“

score[1,0]

Refer to Precept 4 slides

for a concrete example!



Viterbi Decoding (Analysis)

 Why does it work?

score(s) = max P(sy,...,S_1,8 =8,00,-..,0;)
S0~ -8 1

score.(s) = max P(o; | s)P(s | s;_;) - score,_{(s;_;)
Si-1



Viterbi Decoding (Analysis)

 Why does it work?

score(s) = max P(sy,...,S_1,8 =8,00,-..,0;)
S0~ -8 1

score(s) = max P(o,s;=5| g .-»8_1,00s ---50;_1)

S0~ - +s8i_1

Markov assumption! P(sg, -..»S;_1, 00, -, 0;_1)

score.(s) = max P(o; | s)P(s | s;_;) - score,_{(s;_;)
Si-1



Viterbi Decoding (Analysis)

. Complexity: O(nK?)

« Very expensive if K is large

 Beam search: tradeoff between accuracy and efficiency

» Set K = [ fixed (beam width): only keep track a few best sequences
so far instead of exploring the entire space

« Complexity: O(nKp)



Viterbi Decoding (MIEMMs)

Mli,j] = max M[i — 1,k] P(s; = j|s;,_; = k, O) | <k<K 1<i<n
k

Gy &
)

M]1, j] stores joint probability of most
probable sequence of states ending
with state | at time |

@ O®E
O Q@e
OROIOIOIC)

Precept 4



Neural Networks for NLP



FeedForward Neural Language Model (Core Idea)

o Approximate the probability based on the previous m words (context)

n
- P(xg, ..., x,) R HP(xl- | X s e X )
i=0

e m IS a hyperparameter



FeedForward Neural Language Model (Modeling)

* |Input layer / Embedding layer:
o X = [EXO, ...,Exm_l]

« [ embedding matrix that transforms tokens to pre-trained embedding
 Hidden layer

e h = tanh(Wx + b)
« W, b, tanh: hidden weights, bias and activation
e Qutput layer / Unembedding layer:

« z = Uh
e<

T,

Probability = softmax(z) =



FeedForward Neural Language Model (Limitations)

« W linearly scales with the context size m
» Model learns separate patterns for different positions



Recurrent Neural Network (Core Idea)

* Apply the same weights repeatedly at different positions
* Highly effective approach for various language modeling tasks



Recurrent Neural Network (Modeling)

. h, = g(Wh,_; + Ux, + b)
» g2: activation

« W, U, b: learnable parameters

outputs A A A A

P { Y1 Y2 Y3 Y4

(optional) . f ; 4

h] h2 h3 h4
~ — —t g A
: w - W o %% o 1%,%
hidden states < | @ | @ | @ .

® O ® ®

g ® O ® O
Input sequence Lecture 9

(any length) { X1 L9) X3 X,



Recurrent Neural Network

 No Markov assumption!

P(xy,...,x,) = p(xy) - p(x; | x9) « - - p(x, | Xps vvs X, 1)



BackPropagation Through Time (BPTT)

* (Generally,

1 <N <~ OF L oh oh.

or 1 ot ;| oh,
oW nzzaht [ oh,_, | oW

=1 k=1 j=k+1

» Gradient exploding / vanishing problem if k, ¢ are far away
* (Gradient exploding harms convergence -> solution: gradient clipping

» Become expensive to compute for long sequence
 Truncated BPTT: only apply backprop for a smaller number of steps






Good Luck!



