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1. Assumef ande are not independent. That is, assume:

Ple, f) =P(e) xP(f [ ¢)

Complete the following:
Ple, f) =P(f)* ?

2. The following equation express something called Bayds.Rii's impor-
tant.

_P(e)*P(f] )
P(f)

Prove this, using the results from the previous exercise.

Ple ] f) 1)

3. Using Bayes Rule, we can rewrite the expression for the hikedy trans-
lation:

argmaxP(e | f) = argmax P(e) * P(f |e) (2)
e e N~ N—_——
language modeltranslation model



Read
argmaxP (e | f)
e

As the english word that maximize® (e | f). How did we get from

Ple)« P(f | e)
P(f)

argmaxP(e | f) = argmax
e e

to (2)? In other words, what happenedf)?

. To represent the addition of integers from 1 to n, we write:

n

d i=14243+-+n (3)

=1
For the product of integers from 1 to n, we write:

n

Hi:1*2*3*-~-*n 4)

=1

If there’s a factor inside a summation that does not dependhat’s being
summed over, it can be taken outside:

S ki=kl+k2+k3+-+kn=kY i (5)
i=1 i=1

Question:

n

Hi*k:?

1=1

. One idea suggested by separating the mBdéle) into P(f | e) (transla-
tion model) andP(e) (language model) is that we can do translation word
by word viaP(f | e¢), and letP(e) figure out how to arrange results into a
proper-sounding English string. $4 f | e) knows about translation, but
it doesn’t know anything more about English; in particutastoesn’t know
about English word order. This leads to the notioBafj generation. The
translation model produceshag of words. We use the language model to
orcder these in to a proper-sounding English string. Tcitlate, put the
following sets of words in canonical order
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(a) { have, programming, a, seen, never, |, language, bptter

(b) { actual, the, hashing, is, since, not, collision,-free,aliguthe, is,
less, perfectly, the, of, somewhat, capacity, table

(c) { loves, John, Mary}

The last exercise is hard. It seems IiRéf | ¢) needs to know something
about word order after all. It can’t simply suggest a bag oflish words
and be done with it. But, maybe it only needs to know a littteabiout word
order, not everything.

What kind of knowledge are you applying here? Do you think amree
could do this job? Can you think of a way to automatically tesw well a
machine is doing, without a lot of human checking?

. Language model question

Which has a higher probability: “I like snakes” or “I hate kra"?
Type both in to www.altavista.com or google and find out (in-
clude quotation marks in your query to ensure that the words
appear together and in order in the retrieved documents).

. Check the answer to the last example against the Enghiginéae model in
our local MT system:

ngram -debug 1 -order 5 -ppl test -Im /opt/corpora/mt/wniitB/europarl.Im
Where test is the name of a file containing:

| hate snakes
| like snakes

Comment on the output. What does “OOV” mean? What causegdhat
happen?

. What is the probability of: “I like snakes that are not poisus™? [Use
google or altavista, compare to ngram]

. How do you know if one model “works better” than another?e@may to
pit language models against each other is to gather up a lmipcaviously
unseen English test data, then ask: What is the probabilégertain model



(generative story plus particular parameter values),gitie test data that
we observe? We can write this symbolically as:

P(model| test-data

Using Bayes rule:

P(model) * P(test-datd mode)

P(model| test-data = D(dat

Let's suppose that P(model) is the same for all models. Tawithout
looking at the test data, we have no idea whether “0.95” isteebeumber
than “0.07” deep inside some model. Then, the best modekistie that
maximizes Ptest-datd mode).

What happened to P(data)?
10. Perplexity

If the test data is very long, then an n-gram model will assign
P(e) value that is the product of many small numbers, each les
than one. Some n-gram conditional probabilities may be very
small themselves. So P(e) will be tiny and the numbers will be
hard to read. A more common way to compare language models
is to compute

log, P(e)

e
which is called theperplexity of a model. N is the number of
words in the test data. Dividing by N helps to normalize tising
so that a given model will have roughly the same perplexity no
matter how big the test set is. The logarithm is base two.
As P(e) increases, perplexity decreases. A good model axik h
arelatively large P(e) and a relatively small perplexitiie Tower
the perplexity, the better.

Suppose a language model assigns the following conditiegahm proba-
bilities to a 3-word test set: 1/4, 1/2, 1/4. Then

1

1
P(test-set = 1Y%= 0.03125.

What is the perplexity?



11. Suppose another language model assigns the followimgjteanal n-gram
probabilities to a different 6-word test set: 1/4, 1/2, WAL, 1/2, 1/4. What
is its P(test-set)? What is its perplexity?

12. If P(test-set = 0, what is the perplexity of the model?
Why do you think it is called “perplexity”?
13. Another problem with P(e) is that tiny numbers will egsihderflow any

floating point scheme. Suppose P(e) is the product of matgr&ag, /o, f3. .. fa,
each of which is less than one. Then there is a trick:

logP(e) = log(fi* fox fa*..x f,) (6)
= log(f1) +log(f2) +log(fs) + -+ log(fn) (7)

If we store and manipulate the log versions of probabilitteen we will
avoid underflow. Instead of multiplying two probabilitiesyether, we add
the log versions. You can get used to log probabilities vhtk table:

p | logp
0.0 | —infinity
0.1 —3.32
0.2 —2.32
03] —1.74
04| —1.32
0.5 —1.00
06| —0.74
0.7] —0.51
0.8 —0.32
09| —0.15
1.0 —0.00
For example,
log(0.6 x0.4) = log0.6 +1log0.4
—0.74 +—-1.32
= —1.05
(&) Whatis

log(0.5 % 0.5 % 0.5 % 0.5) = log 0.5%)



14.

15.

16.

(b) What is

log(0.5%0.5%0.5%0.5%---%0.5) =log0.5")

n

Start with the sentence “my child, you must go home” aadgform it into
a foreign-language translation using the IBM Model 3 getinezastory (use
the version that includesuLL).

If the maximum fertility for English words were 2, how Iprs the longest
French sentence that can be generated from an English serdéfength
[.? (Don’t forget about NULL-generated words). [Note: thewaesis NOT

infinity. In fact, as part of your answer, first explain whysitiot infinity.

Hint: Look at what the probability model on sli® says.]

Take 10,000 English sentences and rewrite them intoi§pastoring all
intermediate strings. No, make that a million English secés! Ha, ha,
just kidding. Don’t do this exercise.



