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Today's Topics

* Homework 7 Review

* New Topic:
e nltk.bigrams()
* Generating random text using nltk.ConditionalFregDist()

* Brown Corpus

« brown.fileids()
« brown.categories()
« brown.words(categories="'news")

e usingnltk.ConditionalFreqDist() with the Brown corpus



Homework 7 Review

Project Gutenberg » 73,133 free eBooks > 202 harles Dicken

Nicholas Nickleby by Charles Dickens
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Homework 7 Review

David Copperfield by Charles Dickens

David Copperfield Read now or download (free!)
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Read online (web)

EPUB3 (E-readers incl. Send-to-Kindle)

EPUB (older E-readers)
EPUB (no images, older E-readers)

\ “BE “BE “BE RE RE YRR

Project Gutenberg Kindle
older Kindles
@ 2 o= Plain Text UTF-8

Size

2.0MB

8.9 MB

8.8 MB

906 kB

9.3 MB

9.3 MB

1.9 MB

000

ceceee
N BN B N



Homework 7 Review

$ python >>> dc = nltk.word_tokenize(raw2)
>>> raw = open('nn.txt').read() >>> len(dc)

>>> len(raw) 443615

1848364 >>> raw3 =

>>> import nltk open('oliver_twist.txt').read()

>>> len(raw3)
893534

>>> 0ot = nltk.word_tokenize(raw3)

>>> nn = nltk.word_tokenize(raw)
>>> len(nn)
396970

>>> raw2 = open('dc.txt').read() >>> len(ot)

>>> len(raw2) 199836

1934660



Homework 7 Review

Step 4: remove the punctuation

« >>> def isword(x):
* return any(c.isalpha() for c in x)

« >>> nn2 = [word for word in nn if isword(word)]
« >>> len(nn2)

+ 328468

« >>> dc2 = [word for word in dc if isword(word)]
« >>> len(dc2)

+ 361824

« >>> 0t2 = [word for word in ot if isword(word)]
« >>> len(ot2)

160639



Homework 7 Review

* Step 6: use a list comprehension >>> tnn2t:20] 2
to grab the word lengths 53.7?.2}112?, 3,9,6,4,2,7,3,4,7,3,7, 2,

>>> def chunk(words, nth, n): >>> 1ldcl = chunk(dc2, 1, 5000)

return [len(word] for word in >>> ldc2 = chunk(dc2, 2, 5000)
words[(nth — 1)%n: nthxn >>> len(ldcl)

. s 5000

>>> 1nnl = chunk(nn2, 1, 5000) >>> len(ldc2)

>>> len(1lnnl) 5000

5000 >>> lotl = chunk(ot2, 1, 5000)
>>> 1nn2 = chunk(nn2, 2, 5000) >>> lot2 = chunk(ot2, 2, 5000)
>>> len(1lnn2) >>> len(lotl)

5000 5000

>>> 1nnl[:20] >>> len(lot2)

[3; 4, 3, 10, 2, 8, 8, 10, 1, 8, 7, 2, 3, 8, 11, 5000
9, 12, 3, 8, 6]



Homework 7 Review

Step 7: histogram plot them with overlay

>>>
>>>
>>>
20

>>>
>>>

>>>

>>>

import matplotlib.pyplot as plt
mx = max(max(lnnl),max(1lnn2),max(ldcl),max(ldc2),max(lotl),max(lot2))
mXx

fig , (axsl, axs2, axs3) = plt.subplots(3, sharex=True, sharey=True)
axsl.set_title('Nicholas Nickleby"')

axs2.set_title('David Copperfield"')

axs3.set_title('Oliver Twist')



Homework 7 Review

Step 7: histogram plot them with overlay
>>> axsl.hist(1lnnl, range(1l,mx+1), histtype='step', label='1lst 5000')

>>> axsl.hist(1nn2, range(1l,mx+1), histtype='step', label='2nd 5000')



Homework 7 Review

Step 7: histogram plot them with overlay
>>> axs2.hist(ldcl, range(1,mx+1), histtype='step', label='1lst 5000')

>>> axs2.hist(ldc2, range(1,mx+1), histtype='step', label='2nd 5000')

>>> axs3.hist(lotl, range(1,mx+1), histtype='step', label='1lst 5000"')

>>> axs3.hist(lot2, range(1,mx+1), histtype='step', label='2nd 5000')



Homework 7 Review

Step 7: histogram plot them with overlay

>>> axsl.set_xticks(range(1,mx+1))
[<mat?10tllb .axis, XTick obJect at 0x16d3e3a60>, <mat?10t11b .axis,.XTick object at 0x16d3e3a30>
<matp ot lib.axis.XTick object_at_ 9x16d3e3910> <matp ot lib.axis.XI1ick object_ at_ 9x16d270700> <matplot11b axis.XTick

bject at 0x16d2700d0>, <matplotlib.axis. XTick object at 0x16d275310> <matplotlib.axis. XTick o
0x 6d275a60> <mat%10t11b axis. XTlck object at 0x 6d27c1f@> <mat%10tilb axis. XTlCK object at Ox 6d27c94®>

<matplotlib.axis ect_ at_ 0x16d281160> <matplot ib.axis ect_at_0x16d27cbbo> <matplot11b axis.XTick
obj ect at @x16d275d30> <matplot11 .axis.XTick object at @x16d281850> <matplot11b axis.XTick object at

0x16d281e80>, <matplotlib,axis. XTick object at 0x 6d287610>, <matplotlib,axis.XT1i ck object at 0x16d287d60>
<matplotlib.axis.X 1ck object at.ox1 6d2 f4f0> <matplot11b axis.XTick object at 0x16d2 78b0>, <matplotlib.axis.XTick
object at 0x16d270f10>, <matplotlib.axis.XTick object at 0x16d28F250>]

>>> axsl.legend()

<matplotlib. legend.Legend object at 0x16b790d90>

>>> axs2.legend()

<matplotlib. legend.Legend object at 0x16d298520>

>>> axs3.legend()

<matplotlib. legend.Legend object at 0x16d27clc0>
>>> plt.show()
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Nicholas Nickleby
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https://matplotlib.org/stable
/gallery/subplots axes and f

igures/subplots demo.html

Stacking subplots in one direction

The first two optional arguments of pyplot.subplots define the number of rows and
columns of the subplot grid.

When stacking in one direction only, the returned axs is a 1D numpy array containing the
list of created Axes.

fig, axs = plt.subplots(2)
fig.suptitle('Vertically stacked subplots')
axs[0].plot(x, y)

axs[1].plot(x, -y)

Vertically stacked subplots
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i= On this page
A figure with just one subplot

Stacking subplots in one
direction

Stacking subplots in two
directions

Sharing axes

Polar axes



https://matplotlib.org/stable/gallery/subplots_axes_and_figures/subplots_demo.html
https://matplotlib.org/stable/gallery/subplots_axes_and_figures/subplots_demo.html
https://matplotlib.org/stable/gallery/subplots_axes_and_figures/subplots_demo.html

If you are creating just a few Axes, it's handy to unpack them immediately to dedicated

variables for each Axes. That way, we can use ax1 instead of the more verbose axs|[@] . i= Onthis page
A figure with just one subplot
fig, (ax1l, ax2) = plt.subplots(2) Stacking subplots in one
fig.suptitle('Vertically stacked subplots') direction
axl.plot(x, y) . .
ax2.plot(x, -y) Stacking subplots in two
directions
Sharing axes

Vertically stacked subplots s
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—0.5 1

-1.0 1

To obtain side-by-side subplots, pass parameters 1, 2 for one row and two columns.

fig, (ax1, ax2) = plt.subplots(1, 2)
fig.suptitle('Horizontally stacked subplots')
axl.plot(x, y)

ax2.plot(x, -y)




Sharing axes

By default, each Axes is scaled individually. Thus, if the ranges are different the tick values
of the subplots do not align.

fig, (ax1, ax2) = plt.subplots(2)

fig.suptitle('Axes values are scaled individually by default')
axl.plot(x, y)

ax2.plot(x + 1, -y)

Axes values are scaled individually by default

1.0 1

0.5

0.0 4

-0.5 4

-1.0 4

1.0 1

0.5

0.0

—0.5
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You can use sharex or sharey to align the horizontal or vertical axis.

fig, (ax1, ax2) = plt.subplots(2, sharex=True)
fig.suptitle('Aligning x-axis using sharex')
axl.plot(x, y)

ax2.plot(x + 1, -y)

i= On this page

A figure with just one subplot
Stacking subplots in one
direction

Stacking subplots in two
directions

Sharing axes

Polar axes




Homework 7

* Part 2:

* Based on your three-way
comparison, what do you think
about Mendenhall's claim
about six-letter words for
Charles Dickens? Is it justified?
Explain.

When the number of words in a group is in-
creased to five thousand, the accidental irregu-
larities begin to disappear, the curve becomes
smoother, approximating more nearly to the nor-
mal curve which, it is assumed, is characteristic
of the writer. Fig. 4 exhibits two groups, each of
five thousand words, from ¢Oliver Twist,” and it
will be seen that considerable differences still ex-

ist. One of the curves shows an excess of nine-
letter words, which dees not appear in the other.
They agree in showing a greater number of
six-letter words than a smooth curve would de-
mand. This excess may persist, and prove to
be a real characteristic of Dickens’s composition.



Homework 7

* Part 3:

* Now take (slice% the first
100,000 words for each of
Oliver Twist (1838) with
Nicholas Nicklebyé1 839} and
David Copperfield (1850).

* Plot them over one another.

* Submit your histogram and
code.

* What do you think of
Mendenhall 100,000 word
claim?

From the examinations thus far made, I am
convinced that one hundred thousand words will
be necessary and sufficient to furnish the charac-

teristic curve of a writer, — that is to say, if a
curve is constructed from one hundred thousand
words of a writer, taken from any one of his pro-
ductions, then a second curve constructed from
another hundred thousand words would be prac-
tically identical with the first, — and that this curve
would, in general, differ from that formed in the
same way from the composition of another writer,
to such an extent that one could always be dis-
tinguished from the other. To demonstrate the

though not probable, that two writers might show
identical characteristic curves.
T. C. MENDENHALL.



Homework 7 Review

>>> lot = chunk(ot2, 1, 10000)
>>> len(lot)

10000
>>> 1nn = chunk(nn2, 1, 10000)
>>> ldc = chunk(dc2, 1, 10000)

>>> plt.hist(lot, range(1l,mx+1), histtype='step', label='Oliver Twist')

>>> plt.hist(lnn, range(1,mx+1), histtype='step', label='Nicholas Nickleby"')

>>> plt.hist(ldc, range(1l,mx+1), histtype='step', label='David Copperfield"')



Homework 7 Review

>>> mx = max(max(lot),max(1lnn),max(ldc))

>>> MmX

20

>>> plt.xticks(range(1,mx+1))

([<matplotlib.axis.XTick object at 0x16d2a3ee0d>, <matplot11b axis.XTick object at 0x16d2a3eb0>,
<matplotlib.axis.XTick object at 0x16d2a3d90>, <matplotlib.axis.XTick object at 0x16d2da040>,
<matplot11b.ax1s.XT1ck object at 0x16d2da640>, <matplotlib. ax1s.XT1ck object at 0x16d2dad90>,
<matplotlib.axis.XTick object at 0x172dfc520>, <matplotlib.axis.XTick object at @xlod2dadfo>,
<matplotlib.axis.XTick object at 0x16d2d@a30>, <matplotlib.axis.XTick object at 0x172e05040>,
<matplotlib.axis.XTick object at 0x172e05640>, <matplotlib.axis.XTick object at 0x172e05d90>,

<matplotlib.axis.XTick object at 0x172e@a520>, <matplotlib.axis.XTick object at 0x172e0ac70>,
<matplotlib.axis.XTick object at ®x172e0aa00> <matplotlib.axis.XTick object at 0x172e05700>
<matplotlib.axis.XTick object at 0x172e372e0>, <matplot11b axis.XTick object at 0x172e37910>,

<matp}ot11b.ax's.XT1ck object at 0x17 e350a0> <matp1 tll .axis.XTick obJect t 0x172 357f0>14
Text(o,"0 "'; 'TTeﬁ%é@ 0 "')? TTG¥E@0 00"')) Text | g ‘0, ':I§' Teﬁt(@ ' 'T Xt ( ?

ex , , Tex , , Tex , , ex ex &
Text (0 o Text(@, o, ). Text(o, o, '), Text(o, "I %ex ?b d ﬁ 'Tex (
0, '), Text( 0, ''), Text(e, o, '")])

>>> plt.legend()
<matplotlib. legend.Legend object at 0x16d2c1400>
>>> plt.show()
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Homework 7 Review

>>> lot = chunk(ot2,1, 100000
>>> 1lnn = chunk(nn2,1, 100000
>>> ldc = chunk(dc2,1, 100000

N e N N

?>? %}g hist(lot,range(1,mx+1), histtype='step', label='Oliver
wis

>>> ? .hist(lnn, range(1,mx+1), histtype='step', label='Nicholas
Nickleby")

>>> plt,hist(ldc, range(1l,mx+1), histtype='step', label='David
Copperfleld )

19, 20]), [<matplotlib.patches.Polygon object at
®x16eedb9a0>]5 P P Y9 j

>>> plt.xticks(range(1,mx+1))
>>> plt.legend()
>>> plt.show()
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NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

>>> import nltk

>>> from nltk.corpus import genesis

>>> genesis

<PlaintextCorpusReader in '.../corpora/genesis' (not loaded yet)>
>>> g = genesis.words('english-kjv.txt")

>>> len(qg)

44764

>>> g[:20]

['In', 'the', 'beginning', 'God', 'created', 'the', 'heaven',
‘and', 'the', ‘earth', '.', 'And', 'the', 'earth', 'was',

'without', 'form', ',‘, 'aﬁd', 'void']



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams
>>> bigrams = nltk.bigrams(g)

>>> pigrams

<generator object bigrams at 0x11d540200>

>>> 1 = list(bigrams)

>>> len(1)

44763

>>> 1[:20]

[('In', 'the'), ('the', 'beglnnlng'), ('beglnnln?', 'God'), ('God',
'created'), ('created' "the'), ('the', 'heaven'), ('heaven', 'and'),
('and', 'the'), ( the', 'earth'), (‘'earth', '."), ('.', '"And'), ('And',
"the'), ('the', earth ), ('earth', 'was'), ('was', 'without'),

(" w1thout' 'form'), ('form', ',"), (',', 'and'), ('and', 'void'),
('void', ';")]



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

* nltk.ConditionalFreqDist() can take as inputa bigram corpus
* actually, a list of (word1, word2) tuples such that wordl immediately precedes word?2.

>>> cfd = nltk.ConditionalFreqgDist(bigrams)

>>> cfd empty!
<ConditionalFreqDist with @ conditions> [engrernes

generator
>>> bigrams = nltk.bigrams(g) object)

>>> cfd = nltk.ConditionalFreqDist(bigrams)
>>> cfd
<ConditionalFregDist with 2789 conditions>



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams
* Unigrams (= list of words):
['In', 'the', 'beginning', 'God', 'created', 'the',
'heaven', 'and', "the', 'earth', '.', 'And', 'the',
'earth', 'was', 'without', 'form', ',', 'and', 'void']
* Bigrams (= list of tuples (word1,word2) etc.):
« [('In', '"the'), ('the', 'beginning'), ('beginning',
'God'), ('God', 'created'), ('created', 'the'), ..]

« cfd[word] gives a countdict of which words can follow word:

>>> cfd['In']
FreqDist({'the': 9, 'my': 2, 'thee': 1})



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

« cfd[word] gives acountdict of which words can follow word:
>>> cfd['The']

Frqulst {'sons' 5, ‘children': 4, 'LORD!': 4, 'man';
name , 'woman':’1, 'serpent': 1, Tearth':'1, ...}

>>> cfd['the']

Frqulst({ land': 156 "LORD': 154, 'earth': 105, 'sons' 69 'name’': 42,
'field': 39, 'men' 36 'man': 34, 'waters': 30, chlldren 30, v..))

« cfd[word]. max( ) tells us what word is most likely to follow word:
>>> cfd['the'].max()

‘land’

>>> cfd['The'].max()

‘sons'

3, 'days': 2, 'three': 2,



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

« cfd[word] gives acountdict of which words can follow word:
>>> cfd['The']

Frqulst {'sons' 5, ‘children': 4, 'LORD!': 4, 'man';
name , 'woman':’1, 'serpent': 1, Tearth':'1, ...}

>>> cfd['the']

Frqulst({ land': 156 "LORD': 154, 'earth': 105, 'sons' 69 'name’': 42,
'field': 39, 'men' 36 'man': 34, 'waters': 30, chlldren 30, v..))

. cfd(gwo rd] .N( ) tells us the size (total # words in the corpus) that can follow
word:

>>> cfd['the'].N()

2411

>>> cfd['The'].N()

50

3, 'days': 2, 'three': 2,



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

« cfd[word] gives a countdict (aka nltk. FregDist) of which words can follow word:

>>> cfd['The']

Frqulst {' sons'’ chlldren 4, 'LORD" 4, 'man': 3, 'days': 2, 'three': 2, 'name': 1,
'woman 1, serpenf 1, 'eart h': .1)

« cfd[word].keys() givesthe keys to the count dict; i.e. all the words that can follow word:
>>> cfd['The'].keys()

dict keysg[ name', 'woman', 'serpent', 'earth', end' 'len th' '‘fountains', 'sons',
cthdren Erlnces "Kenites' X sun',i LORD 1 't 1n% X d', 'water' v01ce
‘days ', spec led', rlngstraked God', 'soul ‘child 'Hebrew "keeper' 'three ,
dreaﬂ feven , 'man',  'lad' land', Angel’, sceptre , ‘archers’ , 'b e551ngs ,
'purchase’

« cfd[word] [word2] givesthe number of timesword2 can follow word:
>>> cfd['The'] ['name']

1

>>> cfd['The'] ['sons']

5



NLTK Book: Chapter 2

2.4 Generating Random Text with Bigrams

« cfd[word] gives a count dict (aka nltk. FregDist) of which words can follow word:
>>> cfd['The']

FreqDist({'sons': 5, 'children': 4, 'LORD': 4, 'man': 3, ‘days':_2,
'three': 2, 'name': 1, 'woman': 1, 'serpent': 1, 'earth': 1, ...})

* list comprehension creates a (sub-)corpus for 'The':

>>> [k for k in cfd['The'].keys() for i in range(cfd['The'] [k])]

'name’, 'woman, 'serpent), 'earth’, 'end,, 'length’, 'fountains’, 'sons’, 'sons’, 'sons’, 'sons/,
sons' 'children'l, ‘children), 'children’, 'children’, 'princes/, 'Kenites', 'sun’, 'LORD/, 'LORD),
'LORD', 'LORD), thing’, 'field’, 'water’, 'voice/, 'days/, 'days/, 'speckled’, 'ringstraked', 'God,
'soul), 'child’, 'Hebrew/, 'keeper/, 'three/, 'three’, 'dream), 'seven’, 'man’, 'man/, 'man/, 'lad,
'land’, 'Angel), 'sceptre/, 'archers’, 'blessings’, 'purchase’]

* More generally, for word w:

[k for k in cfd[w]l.keys() for i in range(cfd[wl [Kk])]



NLTK Book: Chapter 2

2.4

Generating Random Text with Bigrams

* Algorithm for randomly generating the next word after 'The':

1. Randomly pick a word from the distribution of possible following words
2. Repeat with the selected word, i.e. chain word after word
* Example

Start with 'The', randomly pick from here:

['name, 'woman', 'serpent’, 'earth’, 'end’, 'length’, 'fountains’, 'sons’, 'sons/, 'sons’, 'sons/, 'sons/, 'children’, 'children’, ‘children’,
‘children’, 'princes’, 'Kenites', 'sun’, 'LORD', 'LORD/, 'LORD', 'LORD), 'thing/, 'field’, 'water’, 'voice/, 'days’, 'days’, 'speckled’,
'ringstraked’, 'God’, 'soul), 'child’, 'Hebrew', 'keeper’, 'three’, 'three’, 'dream’, 'seven’, 'man’, 'man’, 'man’, 'lad’, 'land’, 'Angel,
'sceptre!, 'archers), 'blessings/, 'purchase']

>>> [k for k in cfd['The'l.keys() for i in range(cfd['The']l[k])]

Next, use 'children' and randomly pick from here:

>>> [k for k in cfd['children'].keys() for i in range(cfd['children'] [k])]

[I;I’ l;l’ Itol’ Iofl’ 'Ofl’ Iofl’ Iofl’ 'Of" Iofl’ 'Ofl’ Iofl’ Iofl’ 'Ofl’ Iofl’ |Ofl’ Iofl’ Iofl’ 'Ofl’ Iofl’ Iofl’ Iofl’ 'Of" Iofl’ Iofl’ 'Ofl’ Iofl’ 'Of"
Iofl’.lof} Iofl’ 'lbornl’ I:I’ Ibyl, Ibyl’ Iandl’ I'I’ I'I’ Isuckl’ Iuntol’ Iuntol’ 'Struggled" I’I’ I’I’ I,l’ I’l’ I’l’ I’l’ l’l’ l’l’ l’l’ anWI’ larel, Iarel’
'‘which’, 'which', 'foremost), "after!, 'came/, 'be’, """, 'shall’, 'also']

Next, use 'of' and so on...



NLTK Book: Chapter 2

from random import choice

def

def

>>>

The
>>>

The
>>>

The

next_word(w):
return choice([k for k in cfd[w].keys() for i in range(cfd[w][k])])
nwords(n, w):
for i in range(n):
print(w, end="' ')
w = next_word(w)
print()
nwords (10, 'The')
Kenites , and it was not to the children
nwords (10, 'The')
keeper of beasts I wrestled with this night ;
nwords (10, 'The')
water ye rewarded evil beast of your occupation ?



nltk.ConditionalFreqDist()

Summary:

« nltk.ConditionalFregDist () takes asinputa bigram corpus (actually a list of
(word1,word2) etc. tuples) produced by n1tk.bigrams (text)

« cfd = nltk.ConditionalFregDist(nltk.bigrams(text))

« cfd[wordl] returnsa FreqDist for word?2.

« cfdlwordl].max() tellsuswhatword is most likely to follow wordl.

« cfdlwordl].N() tells usthe size (total # words in the corpus) that can follow word1.

- cfdIwordl].keys() givesthe keys to the count dict; i.e. list of words that can follow
wordl.

« cfd[wordl] [word2] givesthe number oftimesword2 can followwordl.



