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Python Review: Styles

® do not write ...

when you can write ...

for key in d.keys():

for key in d:

if d.has key(key):

if key in d:

i+=1

for 1, X 1n enumerate(a):

a[0:len(a) - 1]

af[:-1]

for line in \
sys.stdin.readlines():

for line in sys.stdin:

for x 1in a:

print x, print " ".join(map(str, a))
print
s - mn
for ; iz Eaﬂge(lev): print " " * lev

print s
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Noisy-Channel Model
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Applications of Noisy-Channel
T s
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Application Input
Machine L, word
Translation sequences

Optical Character actual text

Recognition (OCR)

Part Of Speech POS tag
(POS) tagging sequences
Speech word
recognition sequences

spelling correction correct text
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Noisy Channel Examples
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Noisy Channel Examples
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Language Model for Generation

® search suggestions

i] (Q' obama raises
LEP

obama raises 86 million
obama raises debt ceiling
obama raises taxes

obama raises

obama raises money

obama raises debt limit

obama raises debt

obama raises cafe standards
obama raised campaign money
obama raises medicare age
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Language Models

® problem: whatis P(w) = P(w|w2...wy)?
® ranking: P(an apple) > P(a apple)=0, P(he often swim)=0
® prediction: what’s the next word? use P(wn| Wi ... Wn.1)

Obama gave a speech about

sequen.ce prob, not just joint prob.
O[P(w| W2 ... Wn) = P(wi1) P(w2 | wi) ... P(Wn | Wi ... Wn.) J

® = P(wi) P(w2|wi) P(w3|wiw2) ...P(Wn|Wn2wni) trigram

o =~ P(wi) P(w2|wi) P(w3]|w>) ... P(Wn | Wn-1) bigram
® =~ P(w) P(w2) P(w3) ... P(Wn) unigram
e =~ P(w) P(w) P(w) ... P(w) 0-gram
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Estimating n-gram Models
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® maximum likelihood: pmi(x) = c(x)/N; pmL(xy) = c(xy)/c(x)
® problem: unknown words/sequences (unobserved events)

® sparse data problem

® solution: smoothing
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Smoothing

® have to give some probability mass to unseen events

® (by discounting from seen events)

allegations

reports

® QI:how to divide this wedge up!

claims

® Q2: how to squeeze it into the pie?

man
| outcome

allegations
reports

1l

<

i

attack

man
outcome

new wedae (one Hay sl dor
Ran Chemcty Rquence. of \cns‘t\\ Ly X
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CS 562 - Lec 5-6: Probs & WFSTs



ML, MAF, and smoothing

® simple question: what’s P(H) if you see H H H H?
® always maximize posterior: what’s the best m given d?
® with uniform prior, same as likelihood (explains data)

® argmaxm p(m|d) = argmaxm p(m) p(d/m)  bayes, and p(d)=1
o

argmaxm p(d|m) when p(m) uniform

Suppese d = HH T H

‘_,’—-—
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. just “mede we” !
M, con i bicses Yy P(m) » 0.0\ P(m)

My Con 13 binsed Jy e(m) » 0,01
® what if we have arbitrary prior
® like p(6) = O (1-6) Palm) pob

® maximum a posteriori estimation (MAP)

® MAP approaches MLE with infinite T s

® MAP = MLE + smoothing P(m). #(d]=)
® this prior is just “extra two tosses, unbiased”

® you can inject other priors, like “extra 4 tosses,
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Smoothing:Add One (Laplace)

new \»tdge. (ane Hay Slica dor
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® MAP: add a “pseudocount” of | to every word in Vocab
® Pip(x) = (c(x) + 1)/ (N +V) V is Vocabulary size
® Pip(unk) = | / (N+V) same probability for all unks

® how much prob. mass for unks in the above diagram!?

® e.g., N=10% words, V=26, Vops = 10°, Viynk = 26%°- 10°

CS 562 - Lec 5-6: Probs & WFSTs | 4



Smoothing:Add Less than One

new \»zdge. (ane Nay shca dor
M,\s. Chemeter 3equence. of \cnsh Q20

wed Nevsr oblerved ™ '\’Yk\hm:) M\)

® add one gives too much weight on unseen words!

® solution: add less than one (Lidstone) to each word inV

® Pidg(x) = (c¢(x) + A) / (N + AV) 0<A<I is a parameter
® Pig(unk) = A/ (N+ AV) still same for unks, but smaller

® Q: how to tune this A ? on held-out data!
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Smoothing: Witten-Bell

® key idea: use one-count things to guess for zero-counts
® recurring idea for unknown events, also for Good-Turing

® prob. mass for unseen: T/ (N +T) T:# of seen types
® 2 kinds of events: one for each token, one for each type
® = MLE of seeing a new type (T among N+T are new

® divide this mass evenly among V-T unknown words

® pwb(X) =T / (V-T)(N+T) unknown word
= c(x) / (N+T) known word

® bigram case more involved; see J&M Chapter for details
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Smoothing: Good- Turing

® again, one-count words in training ~ unseen in test
® et Nc = # of words with frequency r in training
® Pr(x) =c’(x) / N where c’(x) = (c(x)+1) Nepo+1 / Ne

® total adjusted mass is sumc ¢’ Nc¢ = sumc (c+1) Ne+1 / N

® remaining mass: N/ N: split evenly among unks | \ .
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® from Church and Gale (1991).

bigram LMs. unigram vocab size = 4x10>
T+ is the frequencies in the held-out data (see fempirical)-
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® Good-Turing is much better than add (less than) one
® problem |: Ncmax+1 = 0,50 ’max =0

® solution: only adjust counts for those less than k (e.g., 5)
® problem 2: what if Nc = 0 for some middle c?

® solution: smooth N itself

swooth Ny irell, eg.:

Ny
3 P cuwe (N2 06°8) ghes bedter Ny
v \
(or somemhiy simpler
e 'yl like averay: o ’
ReNormaLIzE ! i sy e
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p(wi|wi_aw;_1), ItC(Wi_2wi_1w;) >0
i ) cap(wilwi_q), fC(wi_owi_1w;) =0
P(w;|wj_2wj_1) = andC(w;_iw;) > 0
asp(w;), otherwise.
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p(wi|wi_awi_1) = Xp(Wj|w_aw;_1)
A2p(Wj|wi_1)
+A3p(w;)

subject to the constraint that ) _; Aj = 1
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Entropy and Perplexity

® classical entropy (uncertainty): H(X) = -sum p(x) log p(x)
® how many “bits” (on average) for encoding

® sequence entropy (distribution over sequences):
® H(L) = lim I/n H(wi... wy) Q:why I/n?
o = lim I/n sum_{w in L} p(Wi...wn) log p(Wi...wn)

® Shannon-McMillan-Breiman theorem:
® H(L) = lim -1/n log p(w1...wn) don’t need all w in L!
® if w is long enough, just take -1/n log p(w) is enough!

® perplexity is 2M{H(L)}
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Perplexity of English

® on |.5 million WS§] test set:

® unigram: 962 9.9 bits
® bigram: |70 /.4 bits
® trigram: 109 6.8 bits

® higher-order n-grams generally has lower perplexity

® but higher than trigram is not that significant

® what about human??
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Shannon Game

® suess the next letter; compute entropy (bits per char)

® O-gram: 4.76,

3-gram: 3.1

|-gram: 4.03, 2-gram: 3.32,

me; ~2.3

® native speaker:~1.l (0.6~1.3);
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for this experiment is 2.4259205

The entropy for this experiment is 2.2234929
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