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Compression

A compression scheme consists of two parts:

Compression, C, and decompression, D.

Both C and D are functions from binary strings to binary strings.
The major goal of a good compression algorithm is to have
len(C(x)) < len(x).

This, by itself, is obviously not hard to achieve. For example, we
could simply delete every second bit of x. However, under such
compression, it is not possible to reconstruct the original string, x.

So, in addition to the goal len(C(x))< len(x), we also require:
For every x, if y=C(x), then D(y)=x.

We say that a compression scheme is universal if for every x,
len(C(x)) < len(x).
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Universal Lossless Compression is Impossible

Claim: There is no universal, lossless compression scheme.

Proof: A simple counting argument:

A lossless compression algorithm (mapping binary strings to binary
strings) must be one to one on its domain, {0, 1}∗. In particular, it
should map {0, 1}n in a one-to-one mapping to binary strings of
smaller lengths.

But there are not enough strings to map into: 2n strings in the
domain, only 2n − 1 strings in the range. ♠
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Universal Lossless Compression is Impossible, cont.

Compression algorithms applied to random text will not compress.
They may even expand the text.

The counting argument means we cannot compress everything. But
it does not imply we cannot compress a small fraction of all text (or
image, audio, or video) sources.

The key to compression are redundancies (e. g. repetitions,
similarities, etc.). Lossless (and lossy) algorithms look for these and
try to exploit them in describing the data more succinctly.
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Lossy Compression

When the string in question represent (discretized samples of)
analogue data, for example audio, images or video, lossy compression
is often used.

If the human eye or ear (at least the average eye or ear) cannot
distinguish between the original and the compressed version, then
lossy compression is typically acceptable and used. Compression can
be achieved, for example, by removing high frequencies from the
audio or image, or by reducing the number of color combinations.
Video is often compressible in 100:1 ratio, audio in 10:1, and images
in 5:1, with hardly any noticeable change in quality.

MP3 for audio, JPEG for images, and MPEG-4 for video are among
the well known, lossy compression schemes.
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Huffman Compression

Huffman code translates the binary representation of a text string to
a binary string, which should

• Makes it possible to translate back to the original.

• Has a shorter length (usually, not always).

• Work on a letter by letter basis.

The first two properties mean Huffman code is a lossless compression
scheme.
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Huffman Compression, cont.

Huffman code assigns short coding to letters occurring frequently,
and longer coding to letters occurring infrequently.

Thus, on the average, substantial saving can be achieved.

The first step in Huffman coding (and in many other schemes) is to
translate the input text to binary (no compression at this step).
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ASCII Characters, Represented as Numbers Using format

For the ascii representation, we are interested in binary encoding with
fixed length 7, using leading zeroes. The Python magic to do this is
’:07b’.format(ord(ch)):

>>> ord("1") # decimal representation

49

>>> ’{:07b}’.format(ord("1"))

# binary representation , 7 place holders with leading zeroes

’0110001 ’

>>> ord(" ")

32

>>> ’{:07b}’.format(ord(" "))

’0100000 ’

>>> ord("z")

122

>>> ’{:07b}’.format(ord("z"))

’1111010 ’
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ASCII Strings to Binary Sequences

We will deal only with ascii characters. The following code
transforms a string to binary, ignoring non ascii characters.

def str_to_bin(text):

""" translates text to binary reprersentation using

7 bits per character. Non ascii characters are discarded """

return ’’.join(’{:07b}’.format(ord(ch)) for ch in text

if ord(ch)<128)

>>> text="Geronimo ?????" # ????? is a 5 letter Hebrew word

>>> len(text)

14

>>> str_to_bin(text)

’100011111001011110010110111111011101101001110110111011110100000 ’

>>> len(_)

63 # 63 = 7 * (14-5)
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Frequencies of Letters in Natural Languages (reminder)

The distribution of single letters in any natural languages’ texts is
highly non uniform.
We can compute these frequencies by taking a “representative text”,
or corpus, and simply count letters. For example, in English, “e”
appears approximately in 12.5% of all letters, whereas “z” accounts
for just 0.1%. In Hebrew, “Yud” (ord=1497) appears approximately
in 11% of all letters (not counting spaces, digits, etc.) while “Za’in”
(ord=1494) appears approximately in just 0.8% of all letters.
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Huffman Code

In Huffman code, we abandon the paradigm of a fixed length code.
Instead, we employ a variable length code, where different letters are
encoded by binary strings of different lengths.

Basic Idea:
Frequent letters will be encoded using short binary strings (shorter
than 7 bits).
Rare letters will be encoded using long binary strings (typically longer
than 7 bits).

This way, the encoding of a typical string will be shorter, since it
contains more frequent letters (where we save length) than rare ones
(where we pay extra length).
(Note that this approach will not work for random strings.)

The rest is just details.

(but, as you surely know, the devil is in the details).
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Prefix Free Codes and Fixed Length Codes
In this context, a code is a one-to-one mapping from single
characters to binary strings, called codewords.
A code is called fixed length code if all characters are mapped to
binary strings of the same length.

A code is called prefix free code if for all pairs of characters γ, τ that
are mapped to binary strings C(γ), C(τ), no binary string is a prefix
of the other binary string.

As a concrete example, consider the following three codes, both
mapping the set of six letters {a, b, c, d, e, f} to binary strings.

Code 1:
a b c d e f

000 001 010 011 100 101

Code 2:
a b c d e f

0 10 110 1110 11110 111110

Code 3:
a b c d e f

0 1 00 01 10 11
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Prefix Free Codes and Ambiguity

Code 1:
a b c d e f

000 001 010 011 100 101

Code 2:
a b c d e f

0 10 110 1110 11110 111110

Code 3:
a b c d e f

0 1 00 01 10 11

Code 1 is a fixed length code, while Code 2 and 3 are variable length
codes.

Codes 1 and 2 are prefix free codes: No codeword is a prefix of
another. Code 3 is not. For example, 1 is a prefix of 11.

Why do we care? Suppose you get the binary string 100 (no spaces!).
How would you decode it, according to each of the three codes?

100 encodes e by Code 1. It encodes ba by Code 2.

But by Code 3, it could encode baa or bc or ea, so we got ambiguity
here, which is bad. This is why we insist on prefix free codes.
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Huffman Code: Specification

The input is a set of n characters Σ = {a1, a2, . . . , an}, and a set of
non-negative weights (counts), W = {w1, w2, . . . , wn},
corresponding to the characters.

The output is a variable length, prefix free, code,
C = Code(Σ,W ) = {c1, c2, . . . , cn}, where each ci is a binary string.

The weighted length of a code D = {d1, d2, . . . , dn} with respect to
the set of weights W = {w1, w2, . . . , wn} is defined as
LW (D) =

∑n
i=1wi · len(di).

Goal:
Construct a code, C, so that for any code, D, LW (C) ≤ LW (D).
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Huffman Code: Construction

I Collect character counts from a representative corpus.

I Use a priority queue (list) to represent letters’ counts.

I Iterate the following: Fetch the two smallest-weight item from
priority queue. Join them to a new, compound item, whose
weight equals the sum of the two weights.

I So each node includes a set of characters and its total weight
(sum of counts)

I The end result is a priority queue (list) with two compound
items.

I It implicitly represents a binary tree, that we call the Huffman
tree.

I The leaves of this tree are individual characters.
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Huffman Code: Construction (Cont.)

I Representing left by 0, and right by 1, we construct the
Hufmann encoding.

I Turn the tree into an encoding dictionary (ascii characters to
binary strings).

I Reverse the dictionary to get a decoding dictionary (binary
strings to ascii characters).
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Reminder: List Operations pop, append and insert
>>> lst=[x for x in range (10 ,20)]

>>> id(lst)

4347657032

>>> lst.append (20) # append places new item at end of list

>>> lst

[10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20]

>>> lst.pop (10) # pop removes item at specified location

20 # pop mutates list and returns item

>>> lst

[10, 11, 12, 13, 14, 15, 16, 17, 18, 19]

>>> lst.insert (0,-19) # insert placess item at specified location

>>> lst

[-19, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19]

>>> lst.append (100)

>>> lst

[-19, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 100]

>>> lst.pop(0)

-19

>>> lst

[10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 100]

>>> id(lst)

4347657032

The three operations mutate the list (and do not change its identity).
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Building the Huffman Tree: Python Code

We implement a priority queue by counts of sets of characters,
starting with a dictionary of characters counts.

def build_huffman_tree(letter_count ):

""" recieves dictionary with char:count entries

generates a list of letters representing

the binary Huffman encoding tree """

queue = sorted(letter_count.items(), key=lambda elem: elem [1])

# sort by the count

while len(queue) >= 2:

# combine two smallest elements

ax, ay = queue.pop(0) # smallest in queue

bx, by = queue.pop(0) # next smallest

chars = [ax ,bx]

weight = ay+by # combined weight

queue.append ((chars ,weight ))

# insert new pair at end of queue

queue.sort(key=lambda elem: elem [1])

# re-arrange (sort) queue

return queue [0][0] # peels off irrelevant data (total weight)

# print queue # just to see what whole queue is
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Building the Huffman Tree: A Small Example

>>> text="this is an example of a huffman tree"

>>> small_count=char_count("this is an example of a huffman tree")

>>> len(char_count("this is an example of a huffman tree"))

16 # fixed length encoding will take 4 bits per character

>>> sorted(small_count.items(),key=lambda x:x[1])

[(’l’, 1), (’o’, 1), (’p’, 1), (’r’, 1), (’u’, 1), (’x’, 1),

(’i’, 2), (’h’, 2), (’m’, 2), (’n’, 2), (’s’, 2), (’t’, 2),

(’f’, 3), (’a’, 4), (’e’, 4), (’ ’, 7)]

>>> small_tree=build_huffman_tree(small_count)

>>> small_tree

[[[’a’, ’e’], [[[’l’, ’o’], ’i’], [[’u’, ’x’], [’p’, ’r’]]]],

[[[’n’, ’s’], [’h’, ’m’]], [[’t’, ’f’], ’ ’]]]

It is indeed not obvious to see what is going on here.

Some parsing of this list/tree may help:
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Building the Huffman Tree: A Small Example, cont.
It is indeed not obvious to see what is going on here.
Some parsing of this list/tree may help:
>>> len(small_tree)

2 # as expected

>>> small_tree [0]

[[’a’, ’e’], [[[’l’, ’o’], ’i’], [[’u’, ’x’], [’p’, ’r’]]]]

>>> small_tree [0][0]

[’a’,’e’]

>>> small_tree [0][0][0]

’a’ # ’a’ will be encoded by 000

>>> small_tree [0][1]

[[[’l’, ’o’], ’i’], [[’u’, ’x’], [’p’, ’r’]]]

>>> small_tree [0][1][1]

[[’u’, ’x’], [’p’, ’r’]]

>>> small_tree [0][1][1][1]

[’p’, ’r’]

>>> small_tree [0][1][1][1][0]

’p’ # ’p’ will be encoded by 01110

>>> small_tree [1]

[[[’n’, ’s’], [’h’, ’m’]], [[’t’, ’f’], ’ ’]]

>>> small_tree [1][1]

[[’t’, ’f’], ’ ’]

>>> small_tree [1][1][1]

’ ’ # ’ ’ will be encoded by 111

Observe that indeed more frequent letters are assigned shorter
encodings.
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Building the Huffman Tree: A Small Example, cont2

We did not yet specify how encoding is exactly done, but essentially
the path to a leaf (a path described by a binary string) is the
encoding of character at the leaf. So

>>> small_tree [0][0][0]

’a’ # ’a’ will be encoded by 000

>>> small_tree [1][1][1]

’ ’ # ’ ’ will be encoded by 111

”a” is encoded by ”000”, while ” ” is encoded by ”111”.

>>> small_tree [1][1][0][1]

’f’ # ’f’ will be encoded by 1101

>>> small_tree [0][1][1][1][0]

’p’ # ’p’ will be encoded by 01110

”f” is encoded by ”1101”, while ”p” is encoded by ”01110”.

More frequent characters indeed enjoy shorter encoding (recall that
Huffman is a variable length code).
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From Huffman Tree To Huffman Code (Recursively)
Assign the empty string to the root. Then recursively assign 0 for left
subtree, 1 for right subtree. Returns a dictionary, with keys being
characters at leaves.

ef generate_code(tree_node , prefix=""):

""" recieves a tree node with embedded encoding ,

and a prefix of encodings.

returns a dictionary where characters are

keys and associated binary strings are

values.

*** assumes more than a single leaf *** de"""

if isinstance(tree_node , str): # a leaf

return {tree_node: prefix}

else:

lchild , rchild = tree_node

codebook = {}

codebook.update( generate_code(lchild , prefix+’0’))

codebook.update( generate_code(rchild , prefix+’1’))

return codebook

Oh, the beauty of recursion...
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From Huffman Tree To Huffman Code: A Small Example

Assign the empty string to the root. Then recursively assign 0 for left
subtree, 1 for right subtree.

>>> small_count=char_count("this is an example of a huffman tree")

>>> sorted(small_count.items(),key=lambda x:x[1])

[(’l’, 1), (’o’, 1), (’p’, 1), (’r’, 1), (’u’, 1), (’x’, 1), (’i’,

2), (’h’, 2), (’m’, 2), (’n’, 2), (’s’, 2), (’t’, 2), (’f’, 3),

(’a’, 4), (’e’, 4), (’ ’, 7)]

>>> small_tree=build_huffman_tree(small_count)

>>> generate_code(small_tree)

{’a’:’000’,’ ’:’111’,’e’:’001’,’f’:’1101’,’i’:’0100’,’h’:’0101’,

’m’:’0110’,’l’:’10100’,’o’:’10101’,’n’:’0111’,’p’:’10110’,

’s’:’1000’,’r’:’10111’,’u’:’11000’,’t’:’1001’,’x’:’11001’}

The length of encodings vary from 3 to 5.
More frequent letters are assigned shorter encodings.
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An Example With Real Data

Of course, the previous small examples are far too small. In the spirit
of Turing’s proof which we saw last week (reminder: showing that the
halting problem is not solvable by any computer program), we found
it appropriate to collect letters’ frequencies from Wikipedia’s own
Huffman’s code entry.
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Hackers’ Delight: Wikipedia Huffman Code Entry

Wikipedia discourages programs (aka bots) from accessing its web
pages (there is obviously no problem if you manually access
Wikipedia using your favorite browser). This leads to a tug of wars.
Currently, the following rather mysterious sequence of commands
wins. It first convinces Wikipedia to download the relevant page,
then transforms it to unicode (utf8).

def download_wiki ():

HOST = "en.wikipedia.org"

GET_METHOD = "GET"

URL = "/wiki/Huffman_coding"

ENCODING = "utf -8"

# Get the HTML raw data

conn = http.client.HTTPConnection(HOST)

conn.request(GET_METHOD , URL)

data = conn.getresponse (). read()

conn.close()

return str(data , ENCODING)
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Counting Characters: Wikipedia Huffman Code Entry

>>> wikitext=download_wiki ()

>>> len(wikitext)

100528

>>> print(wikitext [:205])

<!DOCTYPE html >

<html lang="en" dir="ltr" class="client -nojs">

<head >

<title >Huffman coding - Wikipedia , the free encyclopedia </title >

<meta charset="UTF -8" />

<meta name="generator" content="MediaWiki 1.2

>>> wikiqueue = sorted(wikicounts.items(), key=lambda x:x[1])

# sorting the counts dictionary into a priority queue , using

# the second entry (counts) as the sorting key
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Counting Characters: Real Results

>>> wikiqueue

[(’~’ ,2),(’Y’ ,4),(’X’ ,5),(’^’ ,6),(’+’ ,10),(’Q’ ,10),(’*’ ,11),

(’K’ ,15),(’J’ ,23),(’U’ ,25),(’G’ ,35),(’j’ ,40),("’" ,45),(’O’ ,46),

(’V’ ,46),(’?’ ,55),(’Z’ ,55),(’[’ ,56),(’]’ ,56),(’#’ ,67),(’!’ ,67),

(’z’ ,68),(’{’ ,69),(’}’ ,69),(’N’ ,74),(’R’ ,80),(’M’ ,89),(’\\’ ,94),

(’q’ ,106),(’I’ ,110),(’F’ ,113),(’&’ ,119),(’W’ ,124),(’P’ ,132),

(’6’ ,137),(’(’ ,144),(’)’ ,144),(’B’ ,148),(’L’ ,153),(’S’ ,153),

(’T’ ,161),(’D’ ,170),(’7’ ,171),(’5’ ,174),(’4’ ,181),(’9’ ,198),

(’E’ ,211),(’A’ ,240),(’8’ ,262),(’3’ ,262),(’C’ ,277),(’H’ ,300),

(’;’ ,363),(’2’ ,400),(’%’ ,424),(’1’ ,449),(’x’ ,501),(’,’ ,506),

(’0’ ,516),(’:’ ,545),(’_’ ,633),(’v’ ,655),(’\t’ ,711),(’y’ ,750),

(’.’ ,798),(’k’ ,841),(’-’ ,911),(’\n’ ,1065),(’b’ ,1070),(’w’ ,1171),

(’u’ ,1490),(’g’ ,1547),(’=’ ,1790),(’f’ ,1997),(’m’ ,2015),(’p’ ,2022),

(’h’ ,2199),(’c’ ,2739),(’/’ ,2760),(’<’ ,2829),(’>’ ,2829),(’d’ ,2862),

(’r’ ,3608),(’l’ ,3781),(’"’ ,3834),(’s’ ,3930),(’o’ ,4075),(’n’ ,4258),

(’a’ ,5556),(’t’ ,5843),(’i’ ,6633),(’ ’ ,6900),(’e’ ,7059)]

Note that this text is far from “typical” English text.
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Building the Huffman Tree: A Larger Example, cont.

def wiki_cycle ():

wikitext=download_wiki ()

wikicount=char_count(wikitext)

return build_huffman_tree(wikicount)

>>> wiki_huff=wiki_cycle ()

>>> wiki_huff

[[[[’n’ ,[[’b’,[’:’ ,[[[’!’,’z’],’6’],’C’]]],’h’]],

[[[’w’ ,[[[[’{’,’}’],’(’],[’)’,’B’]],[’H’ ,[[’N’ ,[[[’^’,’+’],

[’Q’,[’X’,[’~’,’Y’]]]],’j’]],’L’]]]] ,[[’_’ ,[[’S’,’T’],

[[’R’,’M’],’D’]]],[’v’ ,[[’7’,’5’],’;’]]]],[’c’,’/’]]],

[[’a’,[’<’,’>’]],[[’d’ ,[[’\t’,’y’],’u’]],’t’]]],

[[[[[’g’ ,[[[’4’ ,[["’",’O’],[’V’,[’J’,’U’]]]],

[’9’,[’\\’,’q’]]],’.’]],[[[’2’,’%’],’k’],’=’]],’i’],[’ ’,’e’]],

[[[’r’ ,[[[[’E’ ,[[’?’,’Z’],’I’]],’1’],’-’],

[[[[[’[’,’]’],’F’],’A’],’x’],

[[[’&’,’W’] ,[[[[’*’,’K’],’G’],’#’],’P’]],’,’]]]] ,[’l’,’"’]],

[[’s’,[’f’,’m’]],[’o’,[’p’ ,[[’0’,[’8’,’3’]],’\n’]]]]]]]

Now it is even harder to see what is going on here.

33 / 42



Building the Huffman Tree: A Larger Example, cont.

>>> wiki_huff [1][0][1]

[’ ’, ’e’]

>>> wiki_huff [1][0][1][0]

’ ’

>>> wiki_huff [1][0][1][1]

’e’

Indeed, the most frequent characters, ”e” and ” ”, enjoy a short
encoding (just 4 bits long).
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The Dictionary Method update

Python built-in dictionary method update takes an existing
dictionary and updates its entries by those of another dictionary.
Existing entries (key:value pairs) are “run over”.

>>> code1={’a’: ’11’, ’c’: ’10’, ’b’: ’0’}

>>> code1.update ({’a’: ’110’,"d":"111"})

>>> code1

{’a’: ’110’, ’c’: ’10’, ’b’: ’0’, ’d’: ’111’}

We will find the update method useful for generating a Huffman code
from a Huffman tree. The Huffman code will be a dictionary, where
keys are characters, and values are the binary strings encoding them.
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Huffman Code of Wikipedia Huffman Page

>>> wikitree=wiki_cycle ()

>>> sorted(codebook.items(),key=lambda x:len(x[1]))

[(’ ’,’1010’),(’n’,’0000’),(’t’,’0111’),(’a’,’0100’),(’e’,’1011’),

(’i’,’1001’),(’"’,’11011 ’),(’<’,’01010 ’),(’>’,’01011 ’),

(’d’,’01100’),(’h’,’00011’),(’l’,’11010’),(’r’,’11000’),

(’/’,’00111’),(’c’,’00110’),(’o’,’11110’),(’s’,’11100’),

(’b’,’000100 ’),(’f’,’111010 ’),(’p’,’111110 ’),(’=’,’100011 ’),

(’g’,’100000 ’),(’m’,’111011 ’),(’u’,’011011 ’),(’w’,’001000 ’),

(’\n’,’1111111 ’),(’.’,’1000011 ’),(’:’,’0001010 ’),(’v’,’0010110 ’),

(’\t’,’0110100 ’),(’-’,’1100101 ’),(’_’,’0010100 ’),

# many items removed

(’Q’,’0010011101010 ’),(’X’,’11001110100000 ’),

(’^’,’11001110100001 ’),(’~’,’00100111010000 ’),

(’Y’,’00100111010001 ’)]

There are 93 different characters, and the lengths of their encodings
vary from 4 to 14.
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Understanding Huffman Code of Wikipedia Huffman Page
We will sort the code by length of codewords, and compare to
character counts.
>>> wikitext=download_wiki ()

>>> counts=char_count(wikitext)

>>> sorted_counts=sorted(counts.items(),key=lambda x: -x[1])

>>> sorted_counts [:18] # characters with 18 largest counts

[(’e’ ,7059),(’ ’ ,6900),(’i’ ,6633),(’t’ ,5843),(’a’ ,5556),(’n’ ,4258),

(’o’ ,4075),(’s’ ,3930),(’"’ ,3834),(’l’ ,3781),(’r’ ,3608),(’d’ ,2862),

(’<’ ,2829),(’>’ ,2829),(’/’ ,2760),(’c’ ,2739),(’h’ ,2199),(’p’ ,2022)]

>>> wikitree=build_huffman_tree(counts)

>>> wiki_code=generate_code(wikitree)

>>> sorted_code=sorted(wiki_code.items(),key=lambda x: len(x[1]))

>>> sorted_code [:18] # characters with 18 shortest encodings

[(’ ’,’1010’),(’n’,’0000’),(’t’,’0111’),(’a’,’0100’),(’e’,’1011’),

(’i’,’1001’),(’"’,’11011 ’),(’<’,’01010 ’),(’>’,’01011 ’),

(’d’,’01100’),(’h’,’00011’),(’l’,’11010’),(’r’,’11000’),

(’/’,’00111’),(’c’,’00110’),(’o’,’11110’),(’s’,’11100’),

(’b’,’000100 ’)]

>>> wiki_code["p"] # just to clarify

’111110 ’

So indeed, popular characters are assigned shorter codewords.
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The String Method join

We go over the input string, one character at a time. For each
character (non ascii characters are ignored), we access its value in the
encoding dictionary. This value is a binary string, which we
concatenate (join) to the forming output (binary string).

>>> string="abcdefg"

>>> "".join(ch for ch in string)

’abcdefg ’

>>> text=""

>>> text.join(ch for ch in string)

’abcdefg ’

>>> text

’’ # no wonder: strings are immutable

Recall that strings are immutable.
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The String Method join, cont.

Alternatively, we could used string concatenation, +. This assigns a
new string object in every iteration, and will typically be slower than
using join when generating very long strings.

>>> newtext=""

>>> for ch in string:

newtext=newtext+ch

>>> newtext

’abcdefg ’
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Employing Huffman Encoding for String Compression

We go over the input string, one character at a time. For each
character (non ascii characters are ignored), we access its value in the
encoding dictionary. This value is a binary string, which we
concatenate (using join) to the forming output (binary string).

def compress(text , encoding_dict ):

assert isinstance(text , str)

return ’’.join(encoding_dict[ch] for ch in text if ord(ch) <=128)
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Dictionary for Decompression

Given the binary string, which is the compression under a Huffman
dictionary, we want to decompress it. The “holistic” way to do it
employs the Huffman treedirectly. Starting at the root, read one bit
at a time. On 0 we go to the left subtree, whereas on 1 we go to the
right subtree. When a leaf is reached, we append the letter at the
leaf, and jump back to the root. This gives rise to a fairly simple
iterative procedure.

Holistic or not, a one liner code employs a dictionary which is the
reverse dictionary to that produced by generate code. For example,
if ’x’:’11001’ is an entry in the original dictionary, there will be a
corresponding entry ’11001’:’x’ in the reversed dictionary.
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Dictionary for Decompression: Code

def build_decoding_dict(encoding_dict ):

""" build the "reverse" of the encoding dictionary """

return {y:x for (x,y) in encoding_dict.items ()}

# return {y:x for x,y in encoding_dict.items ()} # is OK too

We compute the encoding and decoding dictionaries for a small
example.

>>> count=char_count("this is an example of a huffman tree")

>>> tree=build_huffman_tree(count)

>>> huf_code=generate_code(tree)

>>> huf_code

{’a’: ’000’, ’ ’: ’111’, ’e’: ’001’, ’f’: ’1101’, ’i’: ’0100’,

’h’: ’0101’, ’m’: ’0110’, ’l’: ’10100’, ’o’: ’10101’, ’n’: ’0111’,

’p’: ’10110 ’, ’s’: ’1000’, ’r’: ’10111 ’, ’u’: ’11000’,

’t’: ’1001’, ’x’: ’11001’}

>>> build_decoding_dict(huf_code)

{’0110’: ’m’, ’0111’: ’n’, ’11000’: ’u’, ’11001 ’: ’x’,

’0101’: ’h’,, ’0100’: ’i’, ’001’: ’e’, ’000’: ’a’, ’111’: ’ ’,

’1001’: ’t’, ’1101’: ’f’, ’10111’: ’r’, ’10101 ’: ’o’,

’10100’: ’l’, ’10110’: ’p’, ’1000’: ’s’}

We still need to complete the compress–decompress cycle.
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